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ABSTRACT

In order to harness the additional compute resources of
future Multi-core Architectures (MCAS) with many cores,
applications must expose their thread-level paralelism
to the hardware. One common approach to doing thisisto
decompose a program into parallel “tasks’ and allow an
underlying software layer to schedule these tasks on
different threads. Software task scheduling can provide
good parallel performance as long as tasks are large
compared to the software overhead. We examine a set of
Recognition, Mining, and Synthesis (RMS) applications
and find that a significant number have small tasks for
which software task schedulers achieve only limited
parallel speedups.

We propose a hardware technique to accelerate dynamic
task scheduling on MCAs with many cores. We compare
this hardware to highly tuned software task schedulers for
a set of RM S benchmarks with small tasks. The proposed
hardware delivers significant performance improvements
over the best software scheduler: for 64 cores, it is 88%
faster on a set of loop-parallel benchmarks and 98% faster
on a set of task-parallel benchmarks.

INTRODUCTION

Multi-core Architectures (MCAS) provide applications
with an opportunity to achieve much higher performance
than uniprocessor systems. Furthermore, the number of
cores on MCAs is likely to continue growing, increasing
the performance potential of MCAs. However, realizing
this performance potential in an application requires
the application to expose a significant amount of
thread-level parallelism.

A common approach to exploiting thread-level
paralelism is to decompose each parallel section into a
set of tasks. At runtime, an underlying library or run-time
environment distributes (schedules) these tasks to the
software threads [2, 3, 4]. To achieve maximum

performance, especially in systems with many cores, it is
desirable to create many more tasks than cores and to
dynamically schedule the tasks. This allows for much
better load balancing across the cores.

We examine a set of benchmarks from an important
emerging application domain: Recognition, Mining, and
Synthesis (RMS) [1]. Many RMS applications have very
high compute demands and can therefore benefit from a
large amount of acceleration. Further, they often have
abundant thread-level paralelism. Thus, they are
excellent targets for running on MCAs with many cores.

For previously studied applications and architectures, the
overhead of software dynamic task schedulers is small
compared to the size of the tasks, and therefore, enables
sufficient scalability. However, we find that a significant
number of RMS applications are dominated by parallel
sections with small tasks. These tasks can complete
execution in as few as 50 processor clock cycles. For
these, the overhead of software dynamic task scheduling
islarge enough to limit parallel speedups.

We therefore propose a hardware technique to accelerate
dynamic task scheduling on scalable MCAs. It consists of
two components: (1) a set of hardware queues that cache
tasks and implement task scheduling policies, and (2)
per-core task prefetchers that hide the latency of
accessing these hardware queues. This hardware is
relatively smple, scalable, and delivers performance close
to optimal.

We compare our hardware proposal to highly tuned
software task schedulers, and aso to an idealized
hardware implementation of a dynamic task scheduler
(i.e., operations are instantaneous). On a set of RMS
benchmarks with small tasks, it provides large
performance benefits over the software schedulers
and gives performance very sSmilar to the
idealized implementation.
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Figure 1. Impact of multiprogramming

Our contributions are as follows:

1. We make the case for efficient support for
fine-grained parallelism on MCAs. Parallel tasks can
be as fine as 50 processor clock cycles.

2. We propose a hardware scheme that provides
architectural support for fine-grained parallelism. Our
proposed solution has low hardware complexity
and is fairly insensitive to access latency to the
hardware queues.

3. We demonstrate that the proposed architectural
support has significant performance benefits. First, it
delivers much better performance than optimized
software implementations. 88% and 98% faster on
average for 64 cores on a set of loop-parale and
task-paralel RMS benchmarks, respectively. In
addition, it delivers performance close to (about 3%
on average) an idealized hardware implementation
of a dynamic task scheduler (i.e, operations
are instantaneous).

A CASE FOR FINE-GRAINED
PARALLELISM
Previous work on dynamic load balancing targeted

coarse-grained paralelism, i.e, paralel sections with
either large tasks, a large number of tasks, or both. The

target was primarily scientific applications for which this
assumption is valid. For these applications, an optimized
software implementation delivers good load balancing
with an acceptabl e performance overhead.

The widespread trend towards an increasing number of
cores becoming available on mainstream computers—
both at homes and at server farms—motivates efficient
support for fine-grained parallelism. Parallel applications
for the mainstream are fundamentally different from
paralle scientific applications that run on supercomputers
and clusters in a number of aspects. We discuss these
differencesin detail in this section.

Architecture

Reduced communication overhead: MCAs dramatically
reduce communication latency and increase bandwidth
between cores. This allows parallelization of modules that
could not previously be profitably parallelized.

Usage scenarios. These architectures are designed to be
used with virtualization technologies as well as
multiprogramming. In both these instances, the number of
cores assigned to an application can change during the
course of its execution. Maximizing the available
parallelism under these conditions requires exploiting
fine-grained parallelism.
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Consider the example shown in Figure 1 that illustrates
this using an 8-core MCA. It presents two scenarios
where the parallel section is broken down into 8 and 32
equal-sized tasks (represented by green boxes). In a
parallel section, if a core finishes its tasks before all other
cores have finished their tasks, it has to wait. This results
in wasted compute resources (shown in red). In each of
the two scenarios, it shows the performance when varying
number of cores are assigned to this parallel section. In
both scenarios, with 4 and 8 cores, al the assigned cores
are fully utilized. However, when 6 cores are assigned to
the application, the first scenario wastes significant
compute resources. In fact, it achieves the same speedup
as when it was assigned 4 cores. In the second scenario,
there are many fewer wasted compute resources because
the parallel section was broken into finer-grained tasks.

This problem worsens when the number of cores
increases. Figure 2 shows the maximum potential speedup
on a 64-core MCA for a varying number of tasks. The
ideal situation would be if the graph was linear, implying
that each additional core would deliver additiona
performance. When only 64 tasks are used, the
application would see no performance improvement even
when the number of cores assigned to an application was
increased from 32 to 63. To approach the ideal situation,
one needs a much larger number of tasks (say 1024).

Performance portability across platforms; Paralel
scientific computing applications are often optimized for
a specific supercomputer to achieve the best possible
performance. However, for mainstream parallel programs,
it is much more important for the application to get good
performance on a variety of platforms and configurations.
This has a number of implications that require exposing
parallelism at afiner granularity.
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Figure 2: Theoretical scalability

First, the number of cores varies from platform to
platform. For reasons similar to that for
virtualization/multiprogramming, finer-granularity tasks
are necessary.

Second, MCAs are likely to be asymmetric for a number
of reasons including heterogeneous cores, Hyper-
Threaded (HT) cores, Non-Uniform Cache Architecture

(NUCA), and Non-Uniform Memory Architecture
(NUMA). This means that the different threads on the
core might progress at different rates. For instance, two
threads sharing a core run at a different rate than
two threads running on two different cores.

Figure 3 illustrates the impact of asymmetry with an
example. Consider an application that breaks its parallel
section into tasks that represent equal amounts of work
(shown in green). However, asymmetry in architecture
results in each task taking a different amount of time to
complete. The result is wasted compute cycles (shown in
red). This example shows that to ensure good
performance in the presence of hardware asymmetry, it is
best to expose parallelism at afine grain.

Workloads

To understand emerging applications for multi-core
architectures, we have parallelized and analyzed emerging
applications (referred to as RMS [1]) from a wide range
of areas including physica simulation for computer
games as well as for movies, raytracing, computer vision,
financial analytics, and image processing. These
applications exhibit diverse characteristics. On the one
hand, a number of modules in these applications have
coarse-grained parallelism and are insensitive to a task
gueuing overhead. On the other hand, a significant
number of modules have to be parallelized at a fine
granularity to achieve reasonable performance scaling.

Recall that Amdahl’s law dictates that the parallel scaling
of an application is bounded by the serial portion. For
instance, if 99% of an application is paralelized, the
remaining 1% that is executed serialy will limit
the maximum scaling to around 39X on 64 threads.

This means that even small modules need to be
parallelized to ensure good overall application scaling.
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Figure 3: Impact of asymmetry in architecture

Ease of Programming

The use of modularity will continue to be very important
for manstream applications for severa reasons.
Modularity is essential to developing and maintaining
complex software. In addition, applications are
increasingly composed of software components from
multiple vendors. These include middleware as well as
libraries optimized for specific platforms.

Modular programs require writers of individual modules
to make decisions about how best to paralelize that
module. Consider a ssimple example where an application
is composed of two modules: the main program and an
optimized math library. Suppose that parallelizing either
the library or the main program is sufficient to exploit all
the paralel computing resources on the machine.
However, modularity dictates that one module does not
make assumptions about another module. This requires
that for the best performance on a variety of platforms,
both modules be paralelized in cases where the other
module is not parallelized. The net result will be a finer
granularity of paralelism in the application.

ARCHITECTURAL SUPPORT FOR FINE-
GRAINED PARALLELISM

Software implementations of task queues incur an
overhead (e.g., for enqueues and dequeues). This
overhead grows with an increasing number of threads due
to increased contention on shared data structures in the
software implementation. Thus, if the tasks are small,
the overhead can be a significant fraction of application
execution time. This limits how fine-grained the tasks can

be made and still achieve performance benefits with a
large number of cores.

Therefore, we investigate adding hardware for MCAs that
accelerates task queues. This hardware operates under the
covers (i.e, is not visible to application writers) to
accelerate the task queue operations that are key to high
performance on many-core architectures. In particular, it
provides very fast access to the storage for tasks. This
includes performing fast task scheduling (i.e., determining
which task a core should execute next). Its task
scheduling is based on work stealing—a well-known
scheduling algorithm.

Using the Proposed Hardware

Applications interface to the proposed hardware via a
software library. This allows programmers to use the
same intuitive APl that they use for software
implementations of task queues. Since the software
library hides the proposed hardware from applications,
only the library needs to directly interact with this
hardware. Besides initialization and termination, the only
operations that the library needs to perform are task
engueues and dequeues.

In current software task queue implementations, each task
is represented as a tuple, a set of associated items, as
shown in Figure 5. Typicaly, the tuple entries will be
function pointers, jump labels, pointers to shared data,
pointers to task-specific data, and iteration bounds, but
they could be anything. An enqueue places a tuple into a
software data structure for storage, and a dequeue
retrieves a tuple from the data structure.
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Our proposed hardware is primarily intended to accelerate
enqueue and dequeue operations. Thus, the hardware
stores tuples on enqueue operations and delivers tuples on
dequeue operations. It does not interpret the contents of
the tuples. This provides flexibility to the software library
in that the library determines the meaning of each entry in
a tuple. This flexibility allows the library writer to
optimize for applications with different needs.

Enqueue/Dequeue
Logic

Task
Prefetcher

Our Proposed Hardware

We consider an MCA chip where the cores are connected
to a cache hierarchy by an on-die network. The proposed
hardware consists of two separate hardware components:
a Loca Task Unit (LTU) per core, and a single Global
Task Unit (GTU). Thisisillustrated in Figure 4.

GTU

ooo

Figure 4. Our proposed hardwarein a MCA chip with cores (C;) and parts of the last-level shared cache (%)

Global Task Unit (GTU)

The GTU holds enqueued tasks in a set of hardware
gueues. There is one hardware queue per logical core in
the chip. This allows the use of the distributed task
scheduling algorithm. The GTU also includes logic for
implementing this algorithm. Since the hardware queues
are physically close to each other, the proposed scheme
can quickly determine which queues are empty and which
are not. This makes stealing tasks much faster than for
software implementations of distributed task scheduling.
It also alows the hardware to quickly detect when all
tasks are complete. This is important so that the main
thread can start executing the serial code following the
parallel section as quickly as possible.

Function | Parameter | Parameter | Parameter
pointer 1 2 3

Figure5: An exampletask tuple format

The GTU is physically centralized on the chip.
Communication between the GTU and the cores is via
the same on-die interconnect as the cache subsystem. The
downside of a physically centralized GTU is that as
the number of cores on a chip increases, the average
communication latency between a core and the GTU also

increases. This latency, if not hidden, could impact
performance. Therefore, we address this with task
prefetchers at each core, as described below.

The size of the queues in the GTU is bounded. When the
gueues are full, the hardware generates an exception.
The exception handler can move some of the tasks from
the hardware queues into memory creating room for
future task enqueues. An underflow mechanism is used to
move the overflown tasks back into hardware queues at
alater point [2].

Multiprogramming is also supported by the hardware by
using the same overflow and underflow mechanism to
move tasks from hardware into memory, and vice versa,
on context switches [2].

Local Task Unit (LTU)

Each core has a small piece of hardware to interface with
the GTU, called the LTU. In addition to hardware for
interfacing with the GTU, the LTU aso contains a task
prefetcher and small buffer to hide the latency of
accessing the GTU. Hiding this latency can significantly
improve performance. While a typical enqueue operation
from a thread can be almost entirely overlapped with
useful work, a degqueue operation is on a thread's critical
path. If a logical core were to wait to contact the GTU
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until the thread running on it finished its current task, the
thread would have to stall for the entire GTU access
latency. If the latency is significant compared to the size
of a task, this can take up a significant fraction of an
application’s execution time. Therefore, the LTU tries to
hide the dequeue latency. It does this by trying to keep at
least one task in the LTU’s buffer at all times. A dequeue
is able to grab such a task very quickly. The LTU
operates as follows.

e On adegueug, if there is atask in the LTU’s buffer,
that task is returned to the thread and a prefetch for
the next available task is sent to the GTU. When the
GTU receives a prefetch request, it treats it as a
regular dequeue, and will steal a task from another
logical core’'s queue if necessary.

e On an enqueue, the task is placed in the LTU’s
buffer. Since the proposed hardware uses a LIFO
ordering of tasks for a given thread, if the buffer is
already full, the oldest task in the buffer is sent to the
GTU.

In our experience, the LTU’s buffer only needs to hold a
single task to hide the GTU access latency. If this latency
grows in the future, the buffer could be made larger.
However, there is a cost: tasks in an LTU’ s buffer cannot
be stolen since they are not visible to the GTU. This could
hurt performance if there are only a few tasks available at
atime.

Table 1: Loop-level benchmarks and their inputs

Benchmark

Data set

Gauss-Seidel

128x128, 256x256, 512x512

Dense Matrix-Matrix Multiply (MMM)

64x64, 128x128, 256x256

Dense Matrix-Vector Multiply (MVM)

64x64, 128x128, 256x256, 512x512

Sparse Matrix-Vector Multiply (MVM)

4 data sets

Scaled Vector Add 512, 1024, 4096, 16384 elements
Table 2: Task-level benchmarks and their inputs

Benchmark Data set

Game Physics Constraint Solver 4 Models

Binomial Tree

512, 1024, 2048, 4096

Canny Edge Detection

cars, costumes, camera?, camerad

Cholesky Factorization 4 data sets
Forward Solve 4 data sets
Backward Solve 4 data sets

EXPERIMENTAL EVALUATION

Benchmarks

We evaluate our proposed hardware on benchmarks from
a key emerging application domain: RMS. All
benchmarks were parallelized within our lab. Table 1 and
Table 2 give the benchmarks and their data sets.

Loop-level parallelism: We use primitive matrix
operations and Gauss-Seidel as a set of benchmarks with
loop-level parallelism since these are both very common
in RMS applications and very useful for a wide range of
problem sizes. Most of these benchmarks are standard
operations and require little explanation. The sparse
matrices are encoded in compressed row format.
Gauss-Seidel iteratively solves a boundary value problem

Architectural Support for Fine-Grained Parallelism on Multi-core Architectures 222



Intel Technology Journal, Volume 11, Issue 3, 2007

with finite differencing using a red-black Gauss-Seidel
algorithm. These benchmarks are straightforward to
paralelize; each parallel loop simply specifies a range of
indices and the granularity of tasks. We evaluate each
benchmark with several problem sizes to show the
sensitivity of performance to problem sizes.

Task-level parallelism: We use modules from full RMS
applications as a set of benchmarks with task-level
parallelism. Task-level parallelism is more general than
loop-level parallelism where each paralel section starts
with a set of initial tasks and any task may engqueue other
tasks. These benchmarks represent a set of common
modules across the RMS domain. Some of the
benchmarks are based on publicly available code, and
the remaining ones are based on well-known algorithms.
These benchmarks are as follows:

1. The Binomial Tree usesa 1D binomial tree to price a
single option. Given a tree of asset prices, the
algorithm derives the value of an option at time 0
(that is, now) by starting at time T (that is, the
expiration date) and iteratively stepping “backward”
toward t=0 in a discrete number of time steps, N. At
each time step t, it computes the corresponding value
of the option Vi a each node of the tree i. The
number of exposed tasks (i.e., nodes) is small at any
time step and the task size is small. Hence, task
gueue overhead must be small to effectively exploit
the available parallelism.

Speedup

32 |-

16 = 0 n -

The Game Physics constraint solver iteratively solves
a set of force equations in a game physics constraint
solver. For inputs that have few bodies and
congtraints, the amount of paralelism is limited,
especialy for alarge number of cores.

Cholesky, Backward Solve, and Forward Solve are
operations on sparse matrices. Cholesky performs
Cholesky factorization. Backward Solve and Forward
Solve perform backward and forward triangular solve
on a sparse matrix, respectively. These solvers use a
data structure called elimination tree that encodes the
dependency between tasks. The irregularity in sparse
matrices results in high variation of task size.
Therefore, we need very efficient task management
to achieve good load balancing.

The Canny Edge Detection computes an edge mask
for an image using the Canny edge detection
algorithm. 1t first finds a group of edge candidates
and determines whether their neighbors are likely to
be edges. If so, the algorithm adds them to the
candidate list and recursively checks their neighbors
for candidacy. The number of tasks correlates
directly to the number of candidates and tends to be
small. Further, the amount of work in checking for
candidacy is also very small.

N [deal
Emm Our Hardware Proposal
1 Optimized Loop Software

Gauss Seidel Dense MMM

Dense MVM

Sparse MVM Scaled Vector Add

Figure 6: Performance of loop-level benchmarks
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Figure 7: Performance of task-level benchmarks
Results CONCLUSION

Figures 6 and 7 show the performance benefit of our
proposed hardware for the loop-level and the task-level
benchmarks, respectively, when running with 64 cores. In
particular, the hardware proposal is compared with the
best optimized software implementations and an idealized
implementation (Ideal) in which tasks bypass the LTUs
and are sent directly to/from GTU with zero interconnect
latency. Additionally, the GTU processes these tasks
instantly without any latency. The optimized software
implementation uses a combination of widely used state
of the art techniques [2, 3] that deliver the best
performance.

The graphs represent the speedup over the one-thread
execution using the Idea implementation. For each
benchmark, they show multiple bars. Each bar corresponds
to adifferent data set shown in Tables 1 and 2.

For the loop-level benchmarks in Figure 6, the proposed
hardware executes 88% faster on average than the
optimized software implementation and only 3% slower
than Idedl.

For the task-level benchmarks in Figure 7, on average the
proposed hardware is 98% faster compared to the best
software version and is within 2.7% of Ideal. For Game
Physics with one data set, and Forward Solve with
another data set, the amount of paraleism available is
very limited. In the software implementations, the cores
contend with each other to grab the few available tasks,
which adversely impacts performance.

MCAs provide an opportunity to greatly accelerate
applications. However, in order to harness the quickly
growing compute resources of MCAS, applications must
expose their thread-level parallelism to the hardware.
We explore one common approach to doing this for
large-scale multiprocessor systems: decomposing parallel
sections of programs into many tasks, and letting a task
scheduler dynamically assign tasks to threads.

Previous work has proposed software implementations of
dynamic task schedulers, which we examine in the
context of a key emerging application domain, RMS. We
find that a significant number of RMS applications
achieve poor paralel speedups using software dynamic
task scheduling. This is because the overheads of the
scheduler are large for some applications.

To enable good paralel scaling even for applications with
very small tasks, we propose a hardware scheme to
accelerate dynamic task scheduling. It consists of
relatively simple hardware and is tolerant to growing
on-die latencies; therefore, it is a good solution for
scalable MCAs.

We compare the proposed hardware to optimized
software task schedulers and to an idedlized hardware
task scheduler. For the RMS benchmarks we study, our
hardware gives large performance benefits over the
software schedulers, and it comes very close to
the idealized hardware scheduler.
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