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Abstract

This paper describes a method to improve the cache lo-
cality of sequential programs by scheduling fine-grained
threads. The algorithm relies upon hints provided at the
time of thread creation to determine a thread execution
order likely to reduce cache misses. This technique may
be particularly valuable when compiler-directed tiling is not
feasible. Experiments with several application programs, on
two systems with different cache structures, show that our
thread scheduling method can improve program performance
by reducing second-level cache misses.

1 Introduction

The performance gap between processors and memory has
widened in the last few years. Since the beginning of the
1980s, processor performance has been improving at the rate
of about 50% per year, whereas the access time of DRAMs
has improved at approximately 10% per year [19, 40]. To
compensate for this gap, today’s computer systems com-
monly have two levels of cache memory. However, the cost
of a second-level cache miss is now, typically, more than 100
instructions. For example, on an SGI Indigo2 (R4400) with
a peak execution rate of 200 MIPS, a main memory access
takes 1.17 microseconds [32]. As the memory access penalty
increases, application performance becomes more sensitive
to cache misses. This is especially true for applications with
data sets larger than the cache size that do not exhibit a high
degree of memory reference locality.

One attractive way to ameliorate the processor/memory
performance gap is to improve the data locality of applica-
tions. Tiling (also called blocking), a well-known software

technique [1, 12, 18, 29], achieves this goal by restructuring
a program to re-use certain blocks of data that fit in the
cache. Tiling can reduce cache misses and can be applied to
any level of the memory hierarchy, including virtual memory,
caches, and registers. It can be done either automatically, by
a compiler, or manually, by the programmer.

This paper describes an alternative technique to improve
locality using fine-grained threads. The technique can be
simpler than hand tiling and can generate better cache
behavior than untiled code. Threads have traditionally been
used to express concurrency and to exploit parallelism on
multiprocessors. We use threads in sequential programs to
create separate units of computation, without data depen-
dencies, which can then be reordered to improve data locality.
Avoiding a secondary cache miss on current machines saves
100 or so instruction times. This more than offsets the
cost of creating, scheduling, and running a lightweight
thread [10, 17], assuming thread creation doesn’t cause cache
misses. If the threads are scheduled in an order that results
in many fewer cache misses, the resulting program will run
faster.

The scheduling algorithm uses address information, pro-
vided by the programmer on thread creation, as hints
for determining an execution ordering that increases data
locality. We have designed and implemented a user-level
thread package that relies upon our scheduling algorithm
to reduce second-level cache misses. The thread package
supports very fine-grained, “run-to-completion” threads.

Tiling will normally yield better performance than our
technique when it can be applied. However, there are several
cases in which compiler directed tiling is infeasible. (1) The
control or data flow complexity of a program may preclude
static analysis, e.g., data might be allocated dynamically or
accessed indirectly. (2) Physically addressed second level
caches are more difficult to analyze, because of virtual
memory effects [27], which may prevent the compiler from
doing an effective job. (3) Many commercial compilers,
particularly on PC’s, do not perform tiling, or tile only simple
programs. Without compiler help, the programmer who de-



sires good performance must manually tile the algorithm —
a complex task. Our technique provides a potentially simpler
alternative, while still achieving most of the performance
benefits of tiling. It is conceivable that this technique could
be used by a compiler, but that investigation is beyond the
scope of this paper.

We have experimented with the thread package using
several application programs, including matrix multiplica-
tion, a partial differential equation solver, a successive over-
relaxation kernel, and an N-body program. We replaced
certain inner loops with fine-grained threads, and then ran
the transformed programs on an SGI Power Indigo2 with an
R8000 CPU and an SGI Indigo2 IMPACT with an R10000.
Our results show that the thread scheduling method can
significantly improve performance by reducing second-level
cache misses. In particular, it can improve the performance
of programs that have little or no compile time information
about memory references.

2 Locality Scheduling

Our approach uses fine-grained threads to decompose a
program and schedules these threads so as to improve the
program’s data locality.

2.1 Fine-Grained Threads

It seemed to us that it would be easy for a programmer
to transform a sequential program into a threaded program,
with a thread system supporting very fine-grained threads.
By fine-grained, we mean that the overhead of thread
primitives is small in both time and space requirements.
With fine-grained threads, for example, one can substitute
a thread for the inner-most loop of a program that may be
causing second-level cache misses.

Consider a matrix multiplication example, C = A x B,
where A, B, and C are all n by n matrices. In order
to improve locality, A is transposed before and after the
computation.  One straightforward implementation uses
nested loops:

fori=1ton
for j=1ton
Clr, 31 =0;
fork=1ton
Cli,g] = Cli, 5] + Alk,1] * B[k, j];

The inner-most loop computes the dot product of two n-
element vectors. Note, we are using this example to illustrate
the thread system. A good compiler can tile this expression
easily.

With fine-grained threads, we can simply replace the dot-
product loop with a thread:

fori=1ton
for j=1ton
Fork(DotProduct,1, j);
RunThreads();

DotProduct(s, ) :
Cli, 3] =05
fork=1ton
Cli, g1 = Cli, 5] + Alk, ] = B[k, 5];

Where Fork creates and schedules a thread that will
compute the specified dot product, and RunThreads runs
each thread in some order determined by the scheduling
algorithm.

This example shows how such transformations can be
performed by hand. However, fine-grained threads present
challenges in implementation. In order for our approach to
be effective, the total cost associated with threading must be
significantly less than the cost of the cache misses eliminated.
This requires that the scheduling algorithm make intelligent
decisions that improve the program’s locality.

2.2 The Scheduling Problem

In order to schedule threads for data locality, the scheduler
must be informed about the memory references made by
the threads. To study the problem, let us assume that
each thread references k pieces of data during its execution
and that the addresses of these k pieces are known to
the scheduler. Let us further assume that all threads are
independent.

Thread ¢; is denoted by t;(ai1,...,aix) where a;; is the
address of the j* piece of data referenced by thread t; during
its execution. Thus, if n threads are executed in some order

t1,t2,...,tn, they can be represented by the permutation:
tl(au, e 7Cllk)7
t2(61217 ey Cle)7
tn(ant, ..., ank).

The goal in scheduling n threads for cache locality is to find
a permutation that minimizes the number of cache misses.
We can view such a problem as a k-dimensional geometry
problem [11]. A thread ¢i(a;1,---,ax) is a point in the k-
dimensional space where the coordinates of the point are
(air,-++,aix). The problem is then equivalent to finding
a tour of the thread points in the space that satisfies the
requirement of minimizing cache misses. Such requirements
depend on the cache’s design.

It may not be possible to obtain a precise definition for
a realistic system. Second-level caches are often physically
indexed, while the addresses associated with the threads are
virtual addresses. Past research has shown that the virtual-
to-physical memory mapping maintained by the virtual
memory system can significantly affect second-level cache
behavior [8]. Knowledge of the current virtual-to-physical
memory mapping and of the page swapping algorithm for
the virtual memory would be needed to derive an optimal
solution.

Furthermore, the complexity of finding a tour in a space
with any global conditions based on the coordinates is likely
to be expensive. A good example is the traveling salesman



problem where the condition is to find the shortest global
path. Instead of trying to define the problem precisely and
to find an optimal algorithm that solves it, we focus on an
efficient heuristic algorithm.

2.3 Owur Algorithm

The main idea of our algorithm is to schedule threads in
“bins” so that when the threads in a bin are run they will not
cause many capacity cache misses. We use the k addresses
associated with a thread as hints to the scheduler. We first
describe an algorithm that uses two addresses associated with
each thread and then explain how to extend the algorithm
to use k addresses.

With k = 2 addresses, we constrain the general problem.
The k addresses (a;1,...,ax), which act as hints to the
scheduler, become two (ail,alg). Intuitively, these might be
the two largest objects referenced by the thread or the two
objects most frequently referenced by the thread.

Thus constrained, the scheduling problem then becomes
finding a tour of points in a two-dimensional plane as shown
in Figure 1, where each thread is represented as a point in the
plane with coordinates defined by the two address hints. To
minimize cache misses, the scheduling algorithm must find
a tour that has a “cluster” property, i.e., threads that have
the same or similar hints should be clustered together in the
tour.

2C

BiaE
c k]
L AL

SO

0 0.5C C 1.5C 2C

(h.h)

Figure 1: Scheduling threads in a 2-D plane.

The key idea of the algorithm is to use a two-dimensional
block to determine the data locality of threads. Threads
with data in the same block will be placed in the same bin
so that they will be scheduled together. We divide the two-
dimensional plane into equally sized blocks. The two address
hints (h;, h;) of a thread are used as coordinates to place it
into a bin. In other words, each block covers two pieces of
user memory, one from each dimension. The insight is that
if the sum of the two dimensions of the block is less than the
cache size C' and if the threads falling into the same block
are scheduled together, then the execution of the threads will
not cause many cache misses. Thus, we make the size of each
dimension of a block be less than or equal to one half of the
cache size.

Our scheduling algorithm uses bins to schedule threads.
When a thread is created, its address hints are used to index
into the scheduling plane to determine a bin for scheduling.
Scheduling involves traversing the bins along some path,
preferably the shortest one. For each non-empty bin, the
scheduler runs all threads it contains in some order. If the
scheduler focuses only on minimizing the cache misses of
the largest cache (for example, the second-level cache in a
system with two levels of caches), then the scheduling order
of threads in the same bin can be arbitrary.

We implement this algorithm by hashing the hint ad-
dresses to place threads into a fixed number of bins. Further-
more, threads with address hints (h;, hy) and (hj, hi) can be
placed in the same bin, since they reference the same pieces of
data. Animplementation can take advantage of this property
to reduce the number of bins by 50%.

The algorithm for k& addresses is a simple extension to
the algorithm above. Instead of using a two-dimensional
block in a two-dimensional plane to determine the locality
of threads, the general algorithm uses a k-dimensional block
in a k-dimensional space. The sizes of the block dimensions
should be set such that the sum of the & dimensions of the
block is less than or equal to the cache size. Threads with
data in the same block will be placed into the same bin.

2.4 An Example

To show how the thread scheduler works, let us consider a
simple example of a 4 x 4 matrix multiplication (C = A x B)
program using the threaded algorithm presented in section
2.1. The inner-loop forks off threads, each of which computes
a dot product, in the following order:

tl(al,bl), t2(a17b2)7 t3(a1,b3), t4(a1, b4)7
t5(612,l)1)7 t6(a27b2)7 t7(612,l)3)7 tg(CEQ, b4)7
to(as,br), tio(as, b)), t11(as,bs), ti12(as, bs),
t13(aq,b1), t1a(as, ba), t15(aq, bs), tre(as, bs)

where a; and b; are the i-th vector of matrix A and j-th
vector of matrix B respectively.

2C
1112 | 13 14
21 22 | 23 24
1.5C
3132 | 33 34
41 42 | 43 44
C
0.5C
0 0.5C C 15C 2C

Figure 2: An example of scheduling threads.



Suppose the cache holds only four vectors and the dimen-
sion size of a block in the 2-D scheduling plane is one half the
cache size. Then in one possible mapping (depending on the
hashing function) threads fall into four blocks of the schedule
plane, as shown in Figure 2, where each i, j pair represents a
thread that computes the dot product for a; and b;.

Suppose each block maps to a bin, then our algorithm
puts the threads in each block into the same bin:

binl = {tl(al,bl),t2(a1,b2),t5(a2,b1),t6(a2,b2)}

bin2 = {tg(al,bg),t4(a1,b4),t7(a2,b3),t8(a2,b4)}

bins = {ts(as,b1),ti0(as,b2), t13(as,bs), t14(as,bs)}
1), ¢

bing = {t11(a4,b1), t12(as,b2), t15(aq,bs), t16(as,ba)}

When the threads are run, the bins will be traversed in the
above order, with all threads in each bin being executed
before moving to the next bin. The scheduler thus reorders
the dot-products in such a way that the execution of the
threads in each bin will not cause capacity cache misses. The
scheduling order exhibits similar locality to that provided by
course grain tiling either by hand or by a compiler.

3 Thread Package

This section describes a thread package for data locality
scheduling. The thread package consists of a thread scheduler
that conforms to the algorithm described in the previous
section, with primitive operations optimized to support fine-
grained, user-level threads.

In principle, a general purpose thread package [5, 7,
9, 13, 15] could be adapted to schedule threads according
to memory access hints. While significant variation exists
among current thread packages, they all include support
for synchronization, including context switching and thread
state saving. Many thread packages include additional fea-
tures, such as preemptive scheduling, asynchronous signalling
mechanisms, and private data areas; such features can be
valuable in some contexts, expanding the class of problems
for which a package is applicable. However, our design for
locality scheduling keeps the thread package simple, making
low-overhead the most important goal.

We have implemented a special-purpose thread system
for locality scheduling that features a minimal user interface
and very low overhead. Because our threads always “run-to-
completion,” and have no support for blocking and resuming
execution, the system is implemented without resorting to
assembly language. In fact, the essential functionality of the
library is embodied in about 525 lines of C, including both
C and Fortran-callable interfaces. However, this does not
imply that it is completely free of machine and configuration
dependencies. In particular, as explained above, the cache
size 1s an important parameter of the scheduling algorithm.

Our thread package implements the scheduling algorithm
for the three-dimensional case, although it is quite easy to ex-
tend it to higher dimensional cases. [t uses three-dimensional
blocks to determine data locality to place threads into bins.

3.1 User Interface

The basic user interface currently consists of only three calls:

o th_init(blocksize, hashsize)

Set block size and hash table size. This function can
be called more than once to change those sizes. The
configuration-dependent default value can be selected
by passing 0.

o th_fork(f,arg:,argz, hint, hints, hints)

Create and schedule a thread to call f(arg:,argz). The
hinty, hintz and hints are memory addresses used as
scheduling hints. For the two-dimensional case, hints

will be 0. Similarly, for one-dimensional case, both
hint> and hints will be 0.

o th_run(keep)
Run all threads that have been scheduled, by th_fork,

and then return. The thread specifications will be
destroyed if keep is 0, or saved to allow re-execution
otherwise.

The user interface functions do not return any value.
There are no handles or other identifiers for threads, and no
operations that act on them individually. Error handling, as
necessary, is entirely internal, reflecting the current research
use of the system in batch-oriented scientific programs.

3.2 Implementation
The thread package is implemented with four basic data

structures: thread group, bin, hash table, and ready list.
Figure 3 shows the relationships of these data structures.

Ready list Bin Bin Binm

K 0 1
L\ L ~

threads threads

4 threads

th_fork() places athread into abin
by hashing hint addresses

Figure 3: Relationships of threads, bins, and ready list.

The thread group data structure represents a number
of threads within a bin; by grouping threads together in
this way, amortization reduces the cost of thread structure
management. Since the thread package supports only non-
preemptive scheduling, the data required to represent each
thread is very simple: a void function pointer and the two
arguments arg: and args supplied by the user to th_fork.
The thread group consists of an array of these structures
plus an integer to count the number of threads actually in
the group and a pointer to the next thread group in the bin.



Since the thread package has no preemptive scheduling,
there is only one stack used by the program. As each thread
terminates, the stack is given to the next thread by the
scheduler.

The bin data structure contains three link fields and
a search key. The first field links bins that fall into the
same hash block. The hashing function guarantees that
threads falling into the same block in the scheduling plane
(as described in the previous section) will be placed in the
same bin. The second link field chains all threads groups
associated with the same scheduling bin. The ready list uses

the third link field for scheduling.

The hash table organizes the bins.
are resolved by chaining, and the table is simply a three-
dimensional array of pointers to bins. An application can
change the hash function by setting its own block size and
hash table size.

Hash collisions

The ready list contains threads that are ready to run. The
ready list is a simple linked list containing all allocated bins.
Each time a new bin is allocated, it is added to the end of
this list. The scheduler does not allocate a bin in the hash
table until it schedules the first thread in it. When th_run
is called, the ready list is traversed, in order, to find and
execute all threads.

The mapping from hints to blocks and the hash function
are reconfigurable. The default dimension sizes of the block
are set such that their sum are the same as the second-level
cache size. The hashing function hashes all hints as indices
to a bin. The default hashing function simply performs a
shift and a mask operation on each hint.

4 Experiments

Our experiments were designed to measure the overhead
of the thread package and to measure the performance of
applications threaded for cache locality. We experimented
with the thread package on two computer systems: SGI
Power Indigo2 and SGI Indigo2 IMPACT. We conducted
experiments on two different machines to examine the ef-
fect on the thread package of different system performance
characteristics. Both systems were equipped with the same
amount of memory (128MB), easily accommodating our tests
without any paging.

The SGI Power Indigo2 has a 75 MHz MIPS R8000 CPU,
separate 16KB first-level instruction and data caches, and a
unified 2 MB 4-way set associative second-level cache. The
line sizes are 32 and a 128 bytes for the first and second level
caches, respectively. The R8000 has two floating point units,
two integer units, and two memory load/store units [23]. It
is capable of executing up to four instructions each clock
cycle. Its SPECint92 performance is 113 and SPEC{p92 is
269. (Estimated SPECint95 is 2.8 and SPEC{p95 is 8.9.)

The SGI Indigo2 IMPACT is a newer system, with a
195 MHz MIPS R10000 CPU, separate 32KB 2-way set
associative first-level instruction and data caches, and a
unified 1 MB 2-way set associative second-level cache. The
line sizes are: 64 bytes, 32 bytes, and a 128 bytes, respectively
(I, D, and L2 caches). The R10000 is a 4-way superscalar

CPU with two integer pipelines, two floating point pipelines,
one load/store pipeline, and out of order execution [33]. Its
SPECint95 performance is 8.9 and SPEC{p95 is 12.5.

We first measured the overhead of thread primitives and
then measured the performance of four applications. The
first three applications are written in Fortran (column major
layout), and the last is written in C (row major layout).
FEither layout works with our scheduler. In general, for each
application, we conducted the following sets of runs: the best
unthreaded/untiled version, the compiler tiled and/or hand
tiled or cache conscious version (when available), and the
threaded version. All times reported are in CPU seconds.

In order to understand our results better, we performed
cache simulations, on the SGI Power Indigo2, using address
reference traces taken from the same executable binary
programs that were used to produce the timing results. The
address traces were generated by Pixie [37], and processed by
a modified Dinerolll cache simulator [20, 21]. Our modifica-
tions to Dinerolll allow it to process traces containing 2°! or
more references, to classify misses as compulsory, capacity,
or conflict in a single run, and to further reduce simulation
time by directly reading the binary Pixie trace output. The
results presented exclude program initialization costs.

The rest of this section describes the benchmarks, reports
the performance and cache simulation numbers, and analyzes
the results.

4.1 Micro Benchmarks

Table 1 reports the overhead to fork (create and schedule)
and run (execute and terminate) a null thread on both
machines. The total overhead associated with the thread
is also shown. The last row of the table shows the cost of an
1.2 cache miss on each machine [24, 34, 35]

R8000 R10000
Fork 1.38 0.95
Run 0.22 0.14
Total 1.60 1.09

| L2 Miss | 1.06 0.85 |

Table 1: Thread overhead in microseconds.

The thread overheads were calculated using a simple loop
that created 1,048,576 threads to call the null procedure and
then ran them. The threads were evenly distributed across
the scheduling plane.

4.2 Matrix Multiply

Matrix multiplication is a simple example to show the
differences among different methods. A matrix multiplication
can be computed in several ways. The most common
sequential method is:

for y=1ton
fork=1ton
fori=1ton
Cli, 5] = C[1, 5] + Ali, k] + B[k, j];



This method interchanges the 3 loops to reduce cache misses
(column-major storage order assumed). Since B[k, ] is not
changed in the inner-most loop, it can be lifted out and put in
a register in the middle loop. Thus, the minimum number of
memory references for each iteration of the inner-most loop is
two loads and one store. We call this version interchanged.

Another cache-conscious algorithm transposes matrix A
before and after the multiplication so that the dot-product
loop will access data elements from two sequentially stored
vectors. The loops are:

fori=1ton
for j=1ton
fork=1ton
Cli,g] = Cli, 5] + Alk,1] * B[k, j];

In this program, the address of C[i, 7] is not changed in the
inner-most loop. This enables a compiler or a programmer to
use a register in the inner-most loop and only store the value
back to memory when the loop finishes. Thus, the minimum
number of memory instructions in each iteration of the inner-
most loop 1s two loads.
transpose matrix A twice. However, since the complexity
of a transpose is an order of magnitude less than the matrix
multiply, the overhead of transposes is small. We call this
version transposed.

Obviously, this approach must

The threaded version is produced by substituting the
inner-most loop with a thread:

fori=1ton
for j=1ton
th_fork(DotProduct,i, j, A[1, ], B[1, j]);
th_run(0);

DotProduct(i,7) :
fork=1ton
Cli, 5] = C[i, 5] + A[k,1] * Blk, 3];

We call this version threaded.

We have looked at several compiler tiled matrix mul-
tiplication programs. We tiled both interchanged and
transposed with the KAP compiler of Kuck & Associates,
Inc. for the R8000, and with the SGI Version 7.0 compiler
for the R10000.

Table 2 shows the performance of these matrix multiplica-
tions (n = 1024). All programs were compiled with the SGI
Fortran compiler using its -03, -nips4, and -n32 switches.
For the tiled programs on the R8000, we first invoke the KAP
compiler to perform tiling and then use the SGI compiler to
compile the programs. On the R10000 we use SGI’s version
7.0 Fortran compiler which tiles the program without using

KAP.

The performance numbers for the transposed and
threaded versions include the overhead of two matrix trans-
pose operations. The threaded version uses a 2-D scheduling
plane to determine the locality of threads and sets the block
size to be one half of the second-level cache size on both
systems. On the R8000 (with 2MB cache), the threaded

R8000 R10000
Interchanged 102.98  36.63
Transposed 95.06 32.96
Tiled interchanged | 16.61 12.24
Tiled transposed 19.73 18.71
Threaded 20.32 16.85

Table 2: Matrix multiply performance in seconds.

version creates 1,048,576 threads distributed in 81 bins for
an average of 12,945 threads per bin. The distribution of the
threads in the bins was quite uniform.

Although the threaded version improves the performance
of the untiled version by a factor of 5 on the R8000 and more
than a factor of 2 on the R10000, the compiler tiled version
enhances performance by factors of 6 and 3 respectively. The
compiled version has better performance because it can tile
the registers, first-level cache and second-level cache, whereas
the threaded method only reduces misses in the second-level
cache.

R8&000 Untiled Tiled Threaded
T fetches 5,388,645 2,184,458 3,029,858
D references 3,222,274 728,256 2,193,690
T1 misses 408,756 215,652 414,741

rate 4.8 7.4 6.8
L2 misses 68,225 738 1,872

rate 4.6 0.3 0.4
L2 compulsory 199 200 299
L2 capacity 68,025 528 1,311
L2 conflict 0 10 262

Table 3: Matrix multiply memory references and cache
misses in thousands.

Table 3 shows the cache simulation results for the R8000
system. It includes the results for the untiled interchanged,
compiler tiled interchanged, and threaded versions. The
table shows that capacity misses dominate the L2 cache
misses and that both the tiled version and threaded versions
can reduce most of the misses.

The tiled version reduces the number of instruction and
data references by 3,204M and 2,494M respectively. Such a
significant reduction is due to differences in code generation.
The forms of the inner loops are somewhat different: the
untiled interchanged version has to store partial sums, which
the threaded version (being based on a transposed algorithm)
does not, this directly reduces the number of stores and
also allows the compiler to generate a tighter loop with
fewer instructions per result. The transformations performed
by KAP include tiling for the registers, which allows an
even greater reduction in memory references through re-use
and produces even tighter inner loops. Although the SGI
compiler (with the same optimization switch) unrolls the
inner loops for all three versions, the unrolled results are
quite different for the reasons above: 10 instructions with 2
multiply-adds, 4 loads, 2 stores, 1 integer add, and 1 branch
for the untiled version; 18 instructions with 9 multiply-adds,
6 loads, 2 integer adds, and 1 branch for the tiled version;



and 14 instructions with 4 multiply-adds, 8 loads, 1 integer
add, and 1 branch for the threaded version. If we ignore the
rest of the programs and consider only these inner loops, we
can account for nearly all instructions used to produce the
necessary 2°° multiplications (that is 5,368,709, 2,147,484,
and 3,758,096 thousand instructions, respectively).

Tiling for the registers and 1.1 cache not only reduces
the instruction count and total memory references, but it
also significantly reduces the number of 1.1 cache misses, by
about 193M, and L2 cache misses, by 67.5M.

The untiled version of the program is very memory
intensive; we are not able to figure out exactly where the time
goes by simply making crude assumptions. On average, there
is one data memory reference for every three instructions and
there is about one L1 cache miss for every ten instructions.
The R8000 CPU has two integer units, two floating-point
units, and two load/store units, and the processor can
execute up to four instructions per cycle. It is difficult to
make accurate assumptions about the pressure on the L1
cache without detailed CPU pipeline simulations. If we
simply assume no L1 cache stalls and assume that overhead of
an 1.1 and L2 cache miss is 7 cycles [23] and 1.06 microseconds
respectively, then the estimated time saved would be about
83 seconds. The difference between such a crude estimate and
the actual time saved (87 seconds) is only about 4 seconds.
But reducing 3,204M instructions and 2,494 data references
would take much more than 4 seconds. It would require
a detailed R8000 CPU and Power Indigo2 memory system
simulation to fully understand the performance implications.

The threaded version reduces the number of instruction
and data references by 1,459M and 1,029M respectively. This
is also due to code generation of inner loops. Since the
threaded version is based on a transposed algorithm, it does
not require storing partial sums, so the inner loop requires
fewer instructions and fewer data stores. Unlike the tiled
version, the threaded version increases the number of L1
cache misses by about 6M while reduces the .2 cache misses
by about 66.4M. Most of the 1.2 misses avoided were capacity
misses. Like the tiled version, this is a memory intensive
program. With the crude assumptions, the threaded version
would save about 69 seconds in .1 and L2 cache misses.
Again, this program is also a memory intensive one; it
would require detailed CPU pipeline and memory system
simulations to fully understand where the time goes.

4.3 Linear Algebra Solvers

In this section we experiment with two iterative solvers.
The first is meant to be nested inside a multigrid partial
differential equation (PDE) solver. The second is a standard
test case from the compiler community.

We experimented with three versions of the programs:
regular implementation, cache-conscious version, and the
threaded version.

Linear elliptic PDE’s with boundary conditions can be
solved after standard discretization methods (e.g., finite
elements or differences) have been applied. A sequence of

sets of sparse linear equations are solved:

AW =) >,
When multigrid is used, ¢ > 1; otherwise ¢+ = 1. The primary
component in multigrid is the iterative method used to
approximately solve each problem. While interpolation uses
some time, it is a small percentage of the overall running
time.

For an iterative method on a single grid, the typical
algorithm has the form:

for 1 = 1 to iters
actioni

actiony

In practical multigrid solvers, iters < 5.

Consider the following example of an iterative method to
solve Laplace’s equation on a rectangle with a uniform mesh:

for 1 = 1 to iters

rb = mod(nzx, 2)

for krb =1 to 2

for 15 =1 to ny
for 1o =rb+1 to nz by 2

Ul:lé7 13] = i(b[lQ, 13] — U[ZQ — 1, 13] — U[ZQ —|— 1, 13]
—Ul:lé7 i3 — 1] — u[ig, i3 —|— 1])7
rb=1—rb;

for 15 =1 to ny
for o =1 to nx
T[iQ, 13] = b[iQ, 13] — 4u[1213] — U[ZQ — 1, 13]
—U[Zé —|— 1, 13] — u[ig, i3 — 1] — u[ig, i3 —|— 1];

This is just the red-black ordered Gauss-Seidel relaxation
method with the residuals calculated afterwards. After the
last iteration, the residuals would normally be projected
onto a smaller grid’s right hand side or the approximate
solution would be interpolated into and added to a larger
grid’s approximate solution.

Neither the KAP compiler nor the SGI compiler can do
any tiling transformations to improve the performance of this
program. To take better advantage of the caches, one needs
to convert the algorithm above into an algorithm that is cache
conscious [14]. This method relaxes the iz = 1 line on the
red points first. Then, for lines 1 < 13 < ny, the red points
can be relaxed on line j, followed by the black points on line
t3 — 1. Finally, the black points can be relaxed on line j.
The residual is calculated along with the black points where
possible.

The threaded approach is similar. The block, which
computes red points on one line and black ones on the trailing
line, can be used as the thread. Hence there are ny+1 threads
to do the work each iteration.

Both the cache conscious and threaded approaches result
in the data passing through the cache iters times instead of
2x1ters + 1 times.



R&8000 R10000
Regular 9.48 7.80
Cache-conscious 5.21 5.21
Threaded 7.24 4.98

Table 4: PDE performance in seconds.

Table 4 contains a summary of the CPU time to compute
5 iterations of u followed by the residual, for a problem size of
2049. The choice of 5 1s motivated by what people routinely
use in multigrid solvers.

The cache-conscious method is up to 45% faster than the
regular method.

The threaded method creates one thread for each element
of the result matrix, i.e., 2049 threads. The performance
of the threaded method on the R8000 falls about half way
between the regular and cache conscious methods. However,
on the R10000 the threaded method is slightly faster then the
cache conscious method, which shows no speedup over the
R8000 version. It is not clear to us why the cache conscious
algorithm did not speed up on the R10000. There are no
tiled results in the table because neither the KAP nor the
SGI compiler can tile this algorithm.

The threaded version is programmed with a specific
ordering (red-black) which determines when an element of u
is updated. This is somewhat more complicated than when
any ordering is allowed. For the “any ordering” case, the
threaded implementation is both simple and easily verified
to be correct. However, both of these cases are trivial in
comparison to the cache conscious version of the red-black
ordering code.

R8000 Regular Cache Threaded
Conscious

T fetches 303,686 277,622 283,467
D references 126,044 122,598 126,385
T1 misses 80,767 85,040 94,516

rate 18.8 21.2 23.1
.2 misses 6,038 2,888 3,415

rate 5.7 2.6 2.9
L2 compulsory 788 788 789
L2 capacity 5,251 2,100 2,627
1.2 conflict 0 0 0

Table 5: PDE: cache misses in thousands.

Table 5 reports the data for the PDE cache simulation
on the R8000. The problem size simulated is 2,049, just as
in the execution experiment. Most of the L.2 cache misses of
the regular program are due to capacity misses. The cache-
conscious version can avoid about 60% of the capacity misses
while the threaded versions avoids about 50%.

The cache-conscious version has 26M instruction refer-
ences and 3.4M data references less than the regular version
because it uses a different algorithm. On the other hand,
the cache-conscious version has 4.3M more 1.1 cache misses
than the original, but it reduces 1.2 cache misses by about
3.2M. If we perform a crude analysis by assuming that each
instruction takes a single cycle and that the 1.1 and L2

cache miss overheads are 7 cycles [23] and 1.06 microseconds,
respectively, then the total time saved would be about 3.5
seconds, not so far from the actual time saved (4.3 seconds).

The threaded program has 20.2M instruction references
less than the original program, but it has 345K more data
references. The threaded program increases 1.1 cache misses
by about 13.7M while reducing the L.2 cache misses by about
2.6M. With the same crude analysis, the total estimated time
saved is about 1.9 seconds, which is close to the actual time
saved (2.2 seconds).

Although the crude analysis does not take many things
into account, it offers some implications why the cache-
conscious version outperforms the threaded version and why
they both outperform the original program.

The second example presented in this section is a standard
test case from the compiler community [29]. It is similar to
the first example, but has some subtle differences. First, it
uses less data. Second, the ordering of the updates is quite
different. Third, it performs many more iterations (30). It
is designed to solve a problem, not just accelerate another
solver.

The successive over-relaxation (SOR) is an iterative
method for solving large linear systems that are symmetric,
positive definite. [t is an extension of the Gauss-Seidel
method. The SOR Nest, with ¢ iterations is as follows:

forii =1to ¢
forio=1ton—1
foriz:=1ton—1
A[iQ, 13] =0.2% (Al:ZQ7 13] =+ A[ZQ =+ 1, 13]
+A[i2 — 1,13] + Afiz, 15 + 1]
+A[i2, 25 — 1]);

By simply swapping the 122 and i3 loops, the performance
will increase since the matrix now is accessed column-major
instead of row-major, reducing the number of cache misses.

The KAP and SGI compilers simply unroll the inner-most
loop instead of performing tiling transformations.

A threaded version of the basic SOR Nest is produced by
taking the inner-most loop and substituting it with a thread:

forii =1tot
foriz:=1ton—1
th_fork(Compute, is,0, A(0,i3 — 1), A(n,13 4+ 1), 0);
th_run(0);

Compute(is, dummy) :
fork=1ton—-1
Ak, ] = 0.2 % (Alk, ia] + Alk + 1, ]
+A[k —1,1s] + Alk, 15 + 1] + Alk, i3 — 1]);

Although there are data dependencies among threads, the
algorithm works fine because the goal is to reach convergence.
Since there is only one data structure used in each thread,
only one dimensional scheduling is required. The number of
threads created is £+ (n—1) Depending on the available cache
size, the hints can be fine tuned to keep as much of the array
as possible in the cache.



Table 6 shows the performance of three versions (untiled,
hand tiled and threaded) of the SOR Nest with the size of the
matrix n = 2005, the number of iterations of a single SOR
step t = 30, and tile size s = 18. The KAP and SGI compilers
perform only loop unrolling transformations instead of tiling,
so we have included a hand tiled version [29] instead.

R&000 R10000
Untiled 30.54 12.81
Hand Tiled | 26.90 4.27
Threaded 23.10 4.31

Table 6: SOR performance in seconds.

On the R8000 (with 2MB L2 cache), the threaded version
creates 60,120 threads in 63 bins with an average of 954
threads per bin. The threaded version reduces about 20%
of the total running time of the untiled version on the R8000
system while it runs almost three time as fast as the untiled
version on the R10000 system. The hand tiled version gives
only a small improvement on the R8000, but it is slightly
faster than the threaded version on the R10000.

R8000 Untiled Hand-tiled Threaded
[ fetches 1,205,767 1,017,178 1,212,039
D references 482,042 703,522 483,973
T1 misses 90,451 5,259 90,631
rate 5.4 0.2 5.3
L2 misses 7,545 282 263
rate 3.6 0.2 0.1
L2 compulsory 251 268 258
L2 capacity 7,294 0 6
1.2 conflict 0 13 0
Table 7: SOR memory references and cache misses in
thousands.

Table 7 reports the simulated cache miss data for SOR
on the R8000. Most L2 cache misses of the untiled version
are capacity misses. Both hand-tiled and threaded versions
can remove almost all capacity misses.

The hand-tiled version has 933M more references due to
tiling the L1 cache, but it reduces the L.1 cache misses by
about 85M and reduces the .2 cache misses by about 7.3M. If
we crudely assume that each instruction takes a single CPU
cycle, the estimated overhead of 933M instructions would
be about 12.4 seconds. By assuming that the overhead of
an L1 and L2 cache miss is 7 cycles and 1.06 microseconds
respectively, the estimated time saved by reducing .1 and 1.2
cache misses is 7.3 and 8.0 seconds respectively. Thus, the
total estimated time saved is about 2.9 seconds, not so far
from the actual time saved (3.6 seconds).

The threaded version has about 8.2M more references and
180K more L1 cache misses than the untiled version. By
assuming that each instruction takes a cycle to execute and
an L1 cache miss takes 7 cycles [23], the estimated overhead is
about 0.1 second. The threaded version, on the other hand,
reduces the number of L2 cache misses by 7.3M, most of
which are capacity misses. The total estimated time saved
is about 7.9 seconds, close to the actual time saved (7.4

seconds).

The crude analysis again does not take into many impor-
tant details into account. It only offers some implications of
where the time was saved from.

4.4 N-body

N-body is a program that uses the Barnes-Hut algorithm [6,
36] to solve a three dimensional N body problem. FEach
body has a position, mass, and velocity. Every body exerts
a gravitational force on every other body. The program
computes the motion of the bodies during some number of
time steps.

For each time step (iteration) the algorithm creates a
Barnes-Hut (BH) tree and inserts each body in it. Once the
BH tree is created the program loops over a vector of all the
bodies using the BH tree to calculate a new position for each
body. The new position of all the bodies can be computed
in parallel, i.e., there are no data dependencies between the
bodies when the new position is being calculated. Creating
the BH tree is quite fast, but calculating the new positions is
slow. Our profiling shows that the program spends more than
88% of its time computing the new positions of the bodies.

Unlike the dense linear algebra programs above, N-body
is a irregular and dynamic program. The data structures
representing the bodies and the nodes of the tree are small.
The positions of the bodies change at each iteration, and
the BH tree is rebuilt for each iteration. Since no memory
reference information available at compile time, automatic
tiling is not feasible.

The threaded version computes the new positions by
forking one thread per body with three hints: the x, y, and
z coordinates of the body. We normalized the positions to
the unit cube and then scaled them to the dimensions of the
scheduling plane. Thus, threads in the same scheduling block
were computing the new positions of bodies that near each
other in space.

We ran both versions described above. On every iteration,
the threaded version creates one thread for each body to
calculate its new position, 1.e., 64000 threads per iteration.
Both programs computed the results for 64,000 bodies for
four iterations.

R&000 R10000
Unthreaded | 153.81 53.22
Threaded 148.60 46.34

Table 8: N-body Performance in seconds.

Table 8 shows the execution times of both programs. The
threaded version is faster than the unthreaded version on
both machines. On the R10000, the threaded version is 15%
faster. A typical iteration of the threaded version created
64000 threads in 46 bins with an average of 1,391 threads
per bin. The distribution of threads per bin was much less
uniform than in the other examples. This corresponds to the
distribution of the bodies in the three dimensional space.

Table 9 shows the results of the cache simulations of



R8000 Unthreaded Threaded
T fetches 1,820,656 1,838,089
D references 865,713 872,130
L1 misses 54,313 55,035

rate 2.0 2.0
L2 misses 1,674 778

rate 0.5 0.2
L2 compulsory 175 190
L2 capacity 1,131 495
1.2 conflict 369 93

Table 9: N-body memory references and cache misses in
thousands.

one iteration of the N-body codes for the R8000 system.
Although the threaded version performs about 23.8M more
instruction fetches and data references, there were only 722K
more .1 misses. A crude estimate of the threading overhead
is about 0.3 seconds for each N-body iteration.

Even though the unthreaded version of N-body has an
L2 miss rate of only 0.5%, threading reduces it to 0.2%,
decreasing the L2 capacity misses by a factor of 2.3. If we
calculate the time saved in 1.2 misses using an 1.2 miss penalty
of 1.06 microseconds, the estimated time saved is 0.95 seconds
per iteration. Since the estimated overhead of threading is
about 0.3 seconds, the estimated net time saving is about
0.65 seconds. The crude estimate differs from the actual time
saved by about 0.75 seconds.

4.5 Sensitivity to Bin Dimension

The bin dimension is an important parameter in the schedul-
ing algorithm. It determines the bin into which a thread is
placed. The threaded version of the above experiments were
all conducted with a fixed block size of which each dimension
is 1/k of the second-level cache size for the k-dimensional
case.

In order to understand how the block size affects the
running time of our benchmarks, we ran them with varying
sizes from 128K to 8M. We used some sizes larger than the
second level cache size to confirm our intuitions. Figure 4
shows the results of these experiments on the Power Indigo2
with R8000 CPU. The X axis corresponds to the block
dimension sizes and the Y axis corresponds to the running
times.

These graphs show that when the sum of the block
dimensions are less than or equal to the size of the second-
level cache, the performance of the programs is relatively
insensitive to the block size. For a program that is sensitive to
1.2 cache misses such as the matrix multiply program, there
is a significant performance degradation when the block size
is greater than the 1.2 cache size.

5 Related Work

There is a large body of related work including: ar-
ranging data structures to maximize locality of reference,
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Figure 4: Execution times versus block sizes.

tiling, multi-threaded architectures, and implementations of
lightweight thread packages.

Early research efforts have proposed ways of rearranging
data structures and altering algorithms to reduce page
faulting in virtual memory [16, 1]. Tiling has become a well-
known software technique for using the memory hierarchy
effectively [18, 29]. Tiling can be applied to any levels of
memory hierarchy, including virtual memory, caches, and
registers. In particular, tiling can be very effective for
scientific programs, but automatic tiling transformations are
quite limited and manual transformation is difficult.

Scheduling on multiprocessors based on cache affinity
is a technique that maintains processor/thread locality on
multiprocessors [38]. Affinity scheduling avoids cache fills
and invalidations on cache coherent multiprocessors when
threads are allowed to migrate among processors.

Multi-threaded architectures have been proposed and im-
plemented that support multi-threaded parallel programs [2,
3, 26, 28, 39]. They typically have architectural support for
scheduling threads in one or a few CPU cycles in order to
hide various latencies in pipelines, memory references, and
network transactions. The success of this approach relies on
creating threads efficiently at either compile time or run time.

Early i1deas on Monitors provided the foundation for
concurrent programming with threads in programming lan-
guages [22, 30]. The existence of multiprocessors have
motivated several efforts to design and implement kernel
and user-level thread packages [4, 7, 9, 13, 15] and very
lightweight thread packages [25, 31]. However, none of these
efforts have addressed the issue of scheduling threads for
cache locality.

6 Limitations

The method described in this paper has several limitations.
First of all, it attempts to reduce misses only for the largest



cache (the cache connecting to the DRAM system). The
overhead of the thread primitive operations is too high to
schedule threads to reduce first level cache misses. On
the other hand, when static memory reference information
available, the tiling method used in compilers can take
advantage of registers, first-level, and second-level caches.

Our experiments are limited to 3 address hints, though
the scheduling algorithm can use k (where k > 3) addresses
as hints to schedule threads. Applications in our experiments
also do not need more than three addresses.

The thread package supports only independent, “run-
to-completion” threads. Such an application programming
interface can be conveniently used to program asynchronous
iterative algorithms. However, it would not be convenient
to program algorithms that have complex dependencies.
Methods to specify dependencies and ways to implement
them efficiently remain to be demonstrated.

Our experiments are also limited. We only experimented
with four applications. We compared our results with only
the tiled versions by the KAP compiler or the new SGI
compiler. It would be more useful to compare our results
with the results from a compiler with more advanced tiling
techniques.

Our cache simulations for the R8000 system could only
provide us with memory reference and cache miss informa-
tion. The simulation does not take many important details
into account. For example, it works with virtual addresses
whereas the L2 cache uses physical addresses. It does not
model the cache hierarchy in detail so that there is no
information on CPU stalls due to the presures on caches.
Crude analysis could only offer implications where saved time
comes from. To figure out exactly where time goes, it would
require detailed simulations of the R8000 CPU pipelines and
its memory hierarchy.

Finally, we did not perform cache simulations for the
R10000 and thus we are unable to analyze the performance
results on that machine in detail.

7 Conclusions

This paper describes a method that uses fine-grained threads
to improve the locality and execution time of programs. Our
results with an experimental thread package show that this
method can effectively reduce second-level cache misses and
that the overhead of the thread package is small. In the
best case (matrix multiply), the method can improve the
performance of the untiled version by a factor of 2 on a system
with R10000 and by a factor of 5 on a system with the R8000
CPU. In other cases, threads can also be used to improve
performance by reducing 1.2 cache misses. We expect that
latency tolerance techniques such as thread scheduling will
become more important as the performance gap between
memory and CPU increases.

Using a thread package as runtime support to reduce
second-level cache misses can be useful for applications that
have no information about memory reference patterns at
compile time. This i1s demonstrated by both the PDE
and N-body applications. On the other hand, when static

information is available, a good compiler can do better than
our thread package. This is because compiler tiling can
reduce total memory references and L1 cache misses, as well
as L2 cache misses.

The study in this paper represents an initial exploration
of runtime thread scheduling to tolerate memory latency.
Several questions are still open. For example, it is not
clear whether the scheduling algorithm can be efficiently
implemented with a general-purpose thread package that
supports synchronization and preemptive scheduling. It
appears that the idea proposed in this paper can be extended
in a straightforward manner to improve performance on sym-
metric multiprocessors, but this remains to be demonstrated.
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