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Abstract. Systolic array designs and dependency graphs are some of
the most important class of algorithms in several scientiﬁc computing
areas. In this paper, we ﬁrst propose an abstraction based on the fundamental principles behind designing systolic arrays. Then, based on the
abstraction, we propose a methodology to map a dependency graph to
a generic multicore processor. Then we present two case studies: Convolution and Transitive Closure, on two state of the art multicore architectures: Intel Xeon and Cell multicore processors, illustrating the
ideas in the paper. We achieved scalable results and higher performance
compared to standard compiler optimizations and other recent implementations in the case studies. We comment on the performance of the
algorithms by taking into consideration the architectural features of the
two multicore platforms.
Keywords: parallel programming, multicore, systolic array designs,
dependency graphs, high performance computing.

1

Introduction and Background

Signal and image processing algorithms, matrix and linear algebra operations,
graph algorithms, molecular dynamics and geo-physics are some of the core
scientiﬁc computing research areas ([1]). The 70s, 80s saw the upsurge of a
revolutionary high performance computing technology - systolic array processors
([3]) necessitated by increasing demands of speed and performance in these areas.
A lot of research work has been done to expose the parallelism and pipelining
available in several important scientiﬁc computing applications to be exploited
by systolic array processors ([1], [2], [4], [5]). For many of these algorithms, the
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hardware needed to be ﬂexible and robust to be able to adapt to new problems
and also variations in known algorithms. Many solutions were proposed to this
problem such as conﬁgurable systolic array processing platforms, FPGAs and
reconﬁgurable computing platforms ([8]).
Today’s computing revolution is driven by massive on-chip parallelism ([9]).
For the foreseeable future, high performance computing machines will almost
certainly be equipped with nodes featuring multicore processors where each processor contains several full featured general purpose processing cores, private and
shared caches. So the primary motivation of this work is to study, how ”classical” algorithms can be ”recycled” now that parallel computing has a renaissance
with the advent of multicore computers. Also, the conﬁgurable platforms of systolic arrays pale out in comparison with multicore processors of comparable area
and cost in terms of raw compute power and peak performance achievable due
to high clock rate, chip density and economies of scale of multicore processors.
Hence, it is highly desirable to extract parallelism and pipelining necessary for
systolic array designs from multicore processors. If done intelligently, this will
result in highly optimized performance since those properties are inherent to
multicore architectures.
To the best of our knowledge, there is no known prior work to map dependency
graphs or systolic arrays to the current generation of multicore processors. We
believe this is the ﬁrst attempt for studying this problem. The main challenge of
coming up with a methodology to map any systolic array designs to a multicore
processor requires deep understanding of systolic array design procedures, data
partitioning, scheduling operations and data ﬂow control. On a multicore processor this poses extra challenges where synchronization of the operations and
data of the cores has to be controlled by the programmer. The remainder of this
paper is organized as follows: Section 2 is the crux of this paper where we present
the approach for this study, the abstraction of Hierarchical Dependency Graphs
and mapping methodology to multicore processors. In Section 3, we present two
case studies of two algorithms on two multicore architectures. We conclude the
paper with a brief summary and avenues for future work in Section 4.

2

Hierarchical Dependency Graphs

In this Section, ﬁrst we substantiate the approach adopted in this paper. Then
in Section 2.2, we discuss the properties of dependency graphs, diﬀerentiate and
deﬁne data ﬂows. In Section 2.3, we describe the abstraction of hierarchical
dependency graphs and their properties. In Section 2.4, we discuss the steps to
generate a mapping for a generic dependency graph to a multicore processor.
2.1

Approach for This Study

Systolic array algorithms may or may not have a speciﬁc design methodology/steps ([6]). The methodology for designing systolic arrays is a description

286

S. Vinjamuri and V. Prasanna

of a sequence of steps at best and not a concrete algorithm that takes an application and designs a systolic array for it. Figure 1 shows one of the widely used
set of steps to design systolic arrays ([1]).
Dependency graphs are converted into systolic arrays by passing them through a
sequence of steps one of which is single assignment code. The motivation of single assignment code is to avoid broadcasting in
the VLSI design technology because it brings
down the clock rate. But, in the case of today’s multicore processors, while write conﬂict between cores to a memory location is a
problem, broadcasting is not a problem currently because all that means is a value being
read by all processors which, as will become
evident from the case studies, is not a problem. Hence we consider the designs at the
level of dependency graphs. But one ambiguity arises in the cases where the systolic
array design is very similar or the same as
the dependency graph. To resolve this issue,
we consider systolic array designs at the level
of dependency graphs itself in this paper.
2.2

Single Assignment Code,
Processor Assignment
and Scheduling

Systolization

Dependency Graphs

The theory of dependency graphs has been Fig. 1. Steps for designing a systolic
discussed in [10]. These were later used ([1]) array
in the design of systolic arrays. In this paper,
to make our approach intuitive, instead of getting into intricate details of the
deﬁnitions of dependency graphs, we use an example of a dependency graph to
describe our ideas.As the properties used in the example are generic to dependency graphs and also through the case studies, it will be clear that our approach
can be applied to any dependency graph. We chose the systolic array design for
transitive closure([2], [4]) as the example. So we brieﬂy describe the problem and
its systolic array design below. Additional details can be found in [2].
Transitive closure is a fundamental problem in a wide variety of ﬁelds, most
notably network routing and distributed computing. Suppose we have a directed
graph G with N vertices and E edges. Transitive closure of the graph involves
in computing for each vertex of the graph, the subset of vertices to which it is
connected and the shortest distance between them (The 0-1 version of transitive
closure only shows if the vertices are connected. We use the generic version which
gives the shortest distances also). Given the graph, the adjacency matrix W is
a 2 dimensional matrix with elements representing edge weights (eqn. 1).
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∞
if i = jand(i, j) ∈
/E

The dependency graph design for transitive
closure is as follows:
1. Given a graph with N vertices in the adjacency matrix representation (A), feed the matrix into an N xN systolic array of processing
elements (PEs) both row-wise from top and
column-wise from left as shown in Figure 2.
2. At each PE (i, j), update the local variable
C(i,j) by the following formula:
C(i,j) = min(C(i,j) , A(i,k) + A(k,j) )

(2)

A1N

i
i+j
j

(1)

A 31 A22 A13
A 21 A12
A 11

A13 A12 A 11
A22 A21
A 31

A N1

where A(i,k) is the value received from the top
and A(k,j) is the value received from the left. Fig. 2. Systolic Array Implementa3. If i=k, pass the value C(i,j) down, other- tion of Transitive Closure
wise pass A(k,j) down. If j=k, pass the value
C(i,j) to the right, otherwise pass A(i,k) to the right.
4. Finally, when data elements reach the edge of the matrix, a loop around connection should be made such that A(i,N ) passes data to A(i,1) and A(N,j) passes
data to A(1,j) (see Figure 2).
5. The above computation results in the transitive closure of the input once all
the input elements have been passed through the entire array exactly 3 times.
We consider 1 of the 3 cycles of the operation for discussing the properties below.
Properties of Dependency Graphs: We need two properties of dependency
graphs ([1], [10]). We will be using these to explain the properties of hierarchical
dependency graphs in Section 2.3.
Property of Parallelism: This property states that, at a speciﬁc instant of
time, a number of nodes can be processing data in parallel. There are many variations on how this parallelism is present depending on the dependency graph.
For e.g. in Figure 2, nodes along the anti-diagonal can process data in parallel.
Calling the top right corner node as (0, 0) and î, ĵ axis as shown in the Figure,
nodes (1, 0) and (0, 1) can process data in parallel. Similarly, nodes in each set
[(2, 0), (1, 1), (0, 2)], [(3, 0), (2, 1), (1, 2), (0, 3)] etc. can process data in parallel.
Property of Modularity, Regularity and Scaling: The array consists of
modular processing units with homogeneous interconnections. Moreover, the
computing network may be extended indeﬁnitely based on the problem size.
For e.g. in Figure 2, the size of the dependency graph is the size of the adjacency
matrix. Hence, for a problem of size of N , the dependency graph is of size N xN .
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A problem of size 2N has a dependency graph of size 2N x2N , which can interpreted modularly as connecting four dependency graphs of a problem of size N
(i.e. adjacency matrices of size N xN ).
Data Flow: We diﬀerentiate the data ﬂowing in the dependency graph into
two types:
– Data that is updated at a node before being sent to the next node.
– Data that is sent as it is, without any modiﬁcations to the next node.
Definitions
Update Direction (UD): We deﬁne UD as the direction in which data that is
updated at a node, is sent to another node. In other words, this is the direction
in which there is a dependency in data ﬂow. The UD is represented by a unit
vector along that direction. There can be more than one UD for a dependency
graph. For instance, transitive closure (Figure 2) has two UDs: along î and ĵ
directions (i.e. data updated at a node is sent to the neighboring nodes along î
and ĵ directions) (These UDs will be used to cut the dependency graphs during
the mapping process (discussed in the Section 2.4)).
Unified Update Direction (UUD): In the case where a dependency graph
has multiple UDs, we deﬁne UUD as the unit vector along the average of the
UDs. Every dependency graph whether it has one UD or multiple UDs, has only
a single UUD. In the case where the dependency graph has only a single UD,
that itself
√ will become the UUD. So the UUD for transitive closure is along
(î+ĵ)/ 2 (The UUD will be used in scheduling of the hierarchical dependency
graph during the mapping process (discussed in the Section 2.4)).
Θ (Theta): The maximum angle between any two UDs in a dependency graph.
2.3

Abstraction

We explain the abstraction of hierarchical dependency graphs with an example.
Consider the dependency graph of size 9 x 9, which is similar to the transitive
closure design, in Figure 3(a). Consider the time instant at which all the nodes
in the graph are busy processing data. At the beginning of each cycle, each node
gets inputs from top and left directions, processes data and outputs updated data
to the right and bottom directions. Similarly for every cycle, there is input from
top and left directions and output to the right and bottom directions ﬂowing
for the overall dependency graph. Similar to transitive closure design, there are
two UDs for this
√ dependency graph along the î and ĵ directions and the UUD
is along (î+ĵ)/ 2.
We have re-drawn Figure 3(a) in Figure 3(b) with the following modiﬁcations. Cut the dependency graph along six lines parallel to the UDs, three in
each direction as shown as dashed lines. Represent each partition with a shaded

Hierarchical Dependency Graphs

289

i
j

Fig. 3. Hierarchical Systolic Array

big node (name it macro node), encompassing the 3 x 3 matrix of nodes (name
them micro nodes) inside it. Represent the data ﬂow into and out of each macro
node with a bold arrow. For e.g., for the top left macro node, the arrow from
above represents input coming to all the top 3 micro nodes inside it, the arrow
from left represents input coming into all 3 micro nodes on the left. Similarly,
the right and bottom arrows represent output from all three right and bottom
micro nodes respectively, inside it. This is true for all macro nodes in Figure 3(b).
Formalizing the Abstraction: The idea of bisecting a dependency graph into
parts and representing each partition by a macro node is called Hierarchical Dependency Graphs (HDGs). In this paper, we discuss about HDGs
of one level of hierarchy: a macro dependency graph consisting of a set of
macro nodes, which is nothing but the complete dependency graph being studied from the point of view of the macro nodes. Each macro node has a micro
dependency graph (one macro node with micro nodes) inside it. While this
abstraction some similarity to tiling ([4]), this idea can be more easily extended
to multiple levels of hierarchies, for new generation high performance computing and supercomputing systems with various levels of parallelism and compute
power organization.
2.4

Mapping Methodology

In this Section, we ﬁrst explain the mapping technique and provide an argument for its viability. In both these instances, we will be discussing in terms of
the number of cycles of operation of macro nodes. So we ﬁrst characterize this
idea.

290

S. Vinjamuri and V. Prasanna

Characterization of c cycles of a macro node: A dependency graph operates in cycles. This means, in each cycle, a node gets input at the beginning of
a cycle, processes the data and outputs data at the end of the cycle. We refer to
c cycles of operation of a macro node as, all micro nodes inside the macro node
execute c cycles of operation each, taking care of the dependencies between the
macro node and the remaining part of the macro dependency graph and also,
dependency between the micro nodes themselves inside the macro node.
Steps for mapping a Dependency Graph to a Multicore Processor:
The following are the steps for generating a mapping for a dependency graph on
to a multicore processor:
– Cut the dependency graph along the UDs and represent each partition as a
macro node.
– Schedule the macro nodes along the UUD taking care of the dependencies
between macro nodes, by assigning c cycles of operation of a macro node to
each core.
– It is possible to schedule in parallel, all macro nodes perpendicular to the
UUD. This should be done step by step, along the UUD.
By stating properties of HDGs below, we will show that there is enough
parallelism between the macro nodes that many macro nodes can be scheduled
in parallel to many cores which can operate independently. Also, the above
methodology will become clearer by examining these steps in the case studies in
Section 3. There is also one more issue: the value of c. This will also be discussed
after the properties of HDGs.
Viability of the mapping technique: We describe properties of the Hierarchical Dependency Graphs to show the viability of our mapping technique.
Property of Parallelism between Macro Nodes: Extending the property
of parallelism in Section 2.2, at a single instant of time, several macro blocks can
be processing data in parallel.
Basis for the property: We know that the conception of dependency graphs
and systolic array designs is to extract the parallelism in the algorithm. At a
single instant of time, many nodes in a DG can be processing data in parallel and
passing data between each other at the end of each cycle (property of parallelism
in Section 2.2). The above property is merely extending that parallelism from
micro nodes to the level of macro nodes.
Property of Independent Operation of a Macro node: There exists at
least one scheduling order by which, each of the macro blocks can be processed
independent of the other for c cycles of operation of the macro node. The value
of c is discussed below.
Basis for the property: This property is extension of the property of modularity, regularity and scaling in Section 2.2.
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Value of c: The value of c is of important concern for us since, it decides the
number of cycles for which a macro node can be processed independently by a
core. This is directly related to taking care of the dependencies between macro
nodes and hence automatically parallelizing the complete dependency graph on
to the multicore processor. There can be two variations in the value that c can
take based on the Θ of a dependency graph.
– 0o ≤ Θ ≤ 90o : We show the two boundary cases in the two case studies, and
prove that c can take the total number of cycles of the dependency graph
in this scenario. If there is only one UD for the dependency graph, it falls
into the category of Θ = 0o . This being the case of convolution, transitive
closure has Θ = 90o .
– 90o < Θ ≤ 180o : The value c can take varies depending on the DG design
and how the dependencies between nodes and macro blocks are arranged.
Also, most common DG designs fall into the previous category. In this paper,
we do not consider this case and plan to study this in future work.
The two cases 180o < Θ ≤ 270o and 270o < Θ ≤ 360o can be interpreted as
90o < Θ ≤ 180o and 0o < Θ ≤ 90o respectively.

3

Case Studies

We present case studies of two algorithms on two architectures and we show
scalable results in all four cases. First, we present a simple generic model of a
multicore processor. We use this model to explain the mapping of the algorithm
to a generic multicore processor, hence providing support to our claim that our
methodology of mapping dependency graphs is applicable to multicore processors
in general. Then we give a brief description of the two multicore platforms and
the details of their architectures. In Sections 3.2 and 3.3, we present the mapping
of transitive closure and convolution to multicore processors using the generic
model as explained above. In Section 3.4, we discuss the experimental results for
the two algorithms on the two platforms.
3.1

Architecture Summaries
Core 1

Core m-1

The multicore processor model is shown
LC
LC
in Figure 4. The chip has m cores, each
Memory
DRAM
core having a local cache (LC). These loController
cal cache access main memory via a memLS
LC
LC
ory controller. We give a brief description
Core m
Core 2
of the architectures below and explain
more details wherever necessary later in
Fig. 4. Generic model of a multicore
the paper (Section 3.4).
processor
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Intel Quad Core Processor: One of our platforms is a state-of-the-art homogeneous multicore processor system: Intel Xeon quadcore system. It contains
two Intel Xeon x86 64 E5335 processors, each having four cores. The processors
run at 2.00 GHz with 4 MB cache and 16 GB memory. The operating system
is Red Hat Enterprise Linux WS release 4 (Nahant Update 7). We installed
GCC version 4.1.2 compiler and Intel C/C++ Compiler (ICC) version 10.0 with
streaming SIMD extensions 3 (SSE 3), also known as Prescott New Instructions
(PNI).
Cell Broadband Engine: The Cell BE processor ([9]) is one of the ﬁrst heterogeneous multicore processors that has given the programmer explicit control
of memory management and low level communication primitives between the
cores on the chip. It consists of a traditional microprocessor (PPE) that controls
8 SIMD co-processing units (SPEs), a high speed memory controller and a high
bandwidth bus interface (EIB), all integrated on a single chip. Each SPE consists
of a synergistic processor unit (SPU) and a memory ﬂow controller (MFC) and
256 KB of local store (LS) where the MFC is a software controlled unit serving the memory management between the LS and main memory. This utility of
software controlled LS allows more eﬃcient use of memory bandwidth than is
possible with standard prefetch schemes on conventional cache hierarchies, but
also poses extra challenges for the programmer. At 3.2 GHz, the single precision
peak performance of the Cell processor is 204.8GFLOPS with Fused Multiply
Add (two ops) primitive and 102.4GFLOPS without it (single op).
3.2

Case 1: Transitive Closure

UD(i)

A41 A 32 A 32 A14
Algorithm Description: The alUUD
A 31 A22 A13
gorithm and the dependency graph UD(j)
A 21 A12
design for transitive closure are deA 11
scribed in Section 2.2. So, we directly describe the mapping. We
A 14 A13 A12 A 11
consider here sample sizes of the
A 23 A22 A21
problem and the cut sets for ease
A 32 A 31
of illustration. The actual numbers
A41
can be varied depending on the real
world problem sizes. Examples of
these experiments are given in the
Section 3.4.
Consider transitive closure problem of size N = 8. So we have an
adjacency matrix of size 8 x 8. Fig- Fig. 5. Hierarchical Dependency Graph for
ure 5 shows this 8 x 8 adjacency ma- Transitive Closure
trix. As described previously, there
√
are two UDs along î and ĵ and the UUD is along (î+ĵ)/ 2. Also, as previously
explained, we refer to one cycle of operation of a node as, the node taking input
from top and left directions, processes it and send output to the left and bottom
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directions at the end of the cycle. The total number of cycles of operation of
each node in the graph is equal to N = 8.
Mapping: We follow the steps of mapping as described in Section 2.4. First, cut
the dependency graph with 8 cut lines, 4 in each direction parallel to the UDs.
Figure 5 shows the 2 x 2 macro blocks shaded, after cutting the graph. Observe
that this Figure is very similar to Figure 3(b) where the diﬀerence is that the
macro blocks are of size 3 x 3, and the problem size is N = 9 in that Figure.
Next, schedule the macro nodes along the UUD and execute each macro node for
”N cycles of the macro node” (Section 2.4). Therefore, c is equal to the complete
cycles of the macro node. Also, schedule macro nodes perpendicular to the UUD
in parallel to multiple cores, which process those macro nodes independently.
Numbering the top left macro node and micro node (0, 0) and î and ĵ axis in
Figure 5, the above steps of mapping have the following interpretation:
1. A single core processes macro node (0, 0) ( here processes means update the
macro node for all N cycles, i.e., micro node (0, 0) is processed for 8 cycles,
then micro nodes (1, 0) and (0, 1) are processed for 8 cycles, then micro
node (1, 1) is processed for 8 cycles).
2. Process macro nodes (0, 1) and (1, 0) in parallel by two cores independently.
3. Process macro nodes (0, 2), (1, 1) and (2, 0) in parallel by three cores independently.
4. Process macro nodes (0, 3), (1, 2), (2, 1) and (3, 0) in parallel by four cores
independently.
5. Process macro nodes (1, 3), (2, 2) and (3, 1) in parallel by three cores independently.
6. and so on ...
There is a synchronization point after each step, which can be removed once
the number of macro nodes processed in parallel in a step exceeds the number
of cores, m on the chip.
The above mapping and scheduling takes care of the dependencies between all
nodes of the dependency graph in Figure 2. Also, observe that the HDG satisﬁes
the properties described in Section 2.2. The ﬁrst property states that there will be
parallelism between the macro nodes. This is true since, with large problem sizes,
the number of macro blocks that can be scheduled in parallel increases, and all
m cores will be busy. The second property states that, there exists a scheduling
order by which, the macro blocks can be processed independent of each other
for c( = N ) cycles of operation of the macro node. This is also true since, all
the macro blocks along the perpendicular to the UUD have no dependencies
and can be processed for c( = N ) cycles of operation. Also by respecting the
dependencies between macro blocks along the UUD by a synchronization point
wherever necessary, the macro blocks along the UUD are also scheduled for N
cycles of operation.
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3.3

Case 2: Convolution

Algorithm Description: Convolution is one of the most important kernels in
scientiﬁc computing. It is of fundamental importance [11] in signal processing,
image processing, communication systems, computer vision and pattern recognition algorithms. Variations of convolution [5] are also used to solve integer
multiplication and polynomial multiplication problems. There has been a lot of
interest for high performance convolution computation recently [7], [8]. We describe the mapping of 1D convolution dependency graph to a multicore processor
using our technique. A good feature of the 1D dependency graph design is that,
2D and 3D designs are exact symmetric and modular extensions of the 1D design. So our mapping technique is directly applicable to 2D and 3D convolution
also.
Consider two digital signals A and B of dimension 1 x N . The convolution C
of A and B, represented by C = A ⊗ B, is a 1 x 2N − 1 given by equation 3,
C(i) = ΣA(i).B(N − i)
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Fig. 6. Dependency Graph (DG) and Hierarchical DG Abstraction for Convolution

Consider a problem of size N = 9. The dependency graph for computing the
convolution of A and B is shown in Figure 6(a). Unlike transitive closure where
all data ﬂowing in the dependency graph is being updated, here not all data is
updated. So, as described in Section 2.2, we diﬀerentiate the two types of data
ﬂowing. So in the Figure, we show the data that is not being updated (signals A
and B) with black coloured lines and data being updated (signal C) with blue
√
coloured lines. With î and ĵ axis as shown, there is a single UD along (−̂i+ĵ)/ 2.
Since there is only one UD, that itself will become the UUD.
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Mapping: Using the steps of mapping as described in Section 2.4, cut the dependency graph along the UD. Figure 6(b) shows the dependency graph after
this operation where the four partitions resulting from three cut lines (shown in
dashed lines in Figure 6(a)): after C5 , C8 and C12 , are shown in shaded blocks.
Each partition, a macro block, is represented by a shaded region with its inputs
and outputs. A single line can be drawn perpendicular to the UUD which will pass
through all macro nodes, which means there is no dependency between them and
all the four macro nodes can be scheduled in parallel to four cores independently.
Hence, when there are m cores, the dependency graph is partitioned into m macro
blocks, with equal computational load, each of which will be processed by each
core independently. Similar to the transitive closure case, observe that the HDG
for convolution satisﬁes the two properties in Section 2.2.
3.4

Experimental Results and Discussion

We provide experimental results below proving that the mapping techniques give
scalable results on multicore processors. We comment about the performance
(single precision) and optimizations in Section 3.4.
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Fig. 7. Experimental results for Transitive Closure

Transitive Closure: We considered problems of sizes N = 2048 and 4096.
Each macro block is of size 64 x 64 by using 32 and 64 cut lines in each direction
parallel to the UDs respectively for the two problem sizes. Hence, there are a total
of 32 x 32 and 64 x 64 macro blocks for problem sizes 2048 and 4096 respectively.
Figure 7(a) shows the scalable results on Cell blade. The performance achieved
is 4.42GFLOPS. Figure 7(b) shows the scalable results on the dual Intel quad
core platform. We achieved 10.54GFLOPS on this platform.
Convolution: We considered problem of size N = 32K. Figure 8(a) shows
performance results on Cell Blade. We achieved 0.801GFLOPS on this platform.
Figure 8(b) shows the results on the Intel quad core platform. The performance
achieved is 17.5GFLOPS. Both the results are scalable as can be observed from
the Speedup plots.
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Fig. 8. Experimental results for Convolution

Discussion: Before commenting about the performance itself, we need to describe the diﬀerences and factors in architecture and programming models for
the Cell and Intel multicore processors that eﬀect the performance. First, in
the Cell processor, as mentioned in Section 3.1, the complete memory management between the main memory and local stores of SPEs is in the hands of
the programmer. While this increases the complexity of programming, it gives
an advantage for achieving performance in cases where the operating system
and cache coherency protocols cause heavy overhead and limit the performance.
Whereas, in the Intel quad core, memory management is completely handled by
the operating system and compiler. This diﬀerence also allows us to do a baseline
implementation comparison (Figure 10) with our techniques on the Intel processor but not on the Cell (here baseline implementation means the algorithm
implementation without our parallelization techniques and only with compiler
optimizations). This is because, unlike the Intel processor where the compiler
can execute a piece of code, on the Cell processor, we need to parallelize and
take care of memory management right for the most basic implementation.
Second, the SPEs in the Cell processor are highly specialized for SIMD processing units but with pre-condition that the data should be aligned in memory.
SIMDization is not possible with mis-aligned data and which means operations
on mis-aligned data ([9]) should be loaded in a single preferred slot of a vector
register, the data is processed and written back to memory from the preferred
slot. This causes a heavy overhead decreasing the performance by orders of magnitude ([9]). SIMDization is more easy on the Intel quad core, in fact the Intel
ICC compiler is good enough to auto-simdize operations quite eﬃciently.
Lastly, Cell SPEs have a bad branch prediction units compared to the Intel’s
cores. This is because SPE’s architecture is optimized for streaming data ([9]).
Performance of Transitive Closure: We achieved a high performance of
10.54GFLOPS on the Intel Quad core processor. The compiler auto-simdizied
the code. We manually SIMDized the code on the Cell processor by grouping
operations on micro node into a vector operation. But at the end of N cycles, one
value (the lowest) out of the four should be assigned to the micro node. There is
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no vector primitive that does this on the Cell leading to a non-SIMD operation
and also a branch prediction operation. This lead to the drop in performance
and we achieved 4.42GFLOPS. With an improved branch prediction unit and
more hardware to take care of non-SIMD operations in future versions of Cell
([9]), there is a very promising possibility to achieve peak performance of the
algorithm on the Cell.
Performance of Convolution: We achieved 17.5GFLOPS on the Intel platform, whereas we achieved only 0.801GFLOPS on the Cell. This is because, the
convolution algorithm necessitates operations on non-aligned data in every clock
cycle. As these operations are not SIMDized, they lead to heavy loss in performance on the Cell processor. As mentioned above, this is one aspect that has to be
addressed in future versions of the Cell processor to improve its potential to wide
range of algorithms. Also, our performance of 17.5GFLOPS on the Intel platform
is higher than other recent research work for high performance computation of
convolution. In diﬀerent contexts of the same convolution operation, researchers
have achieved 2.16GFLOPS per node ([7]) on a 4-rack Blue Gene system (4096
nodes leading to overall 7TFLOPS) and 3.16GFLOPS ([8]) on an FPGA platform.
Comparing with Comfloat A[N], B[N], C[2*N-1]; // Globally
piler Optimizations: main
accessible to main and all threads
To measure the im- {
Thread 1's function
float A[N], B[N], C[2*N-1]
{ Does work of macro block 1}
pact of our paralleliza// Values initialized for vectors A and B
// C vector initialized to 0
tion with the compiler
Thread 2's function
{ Does work of macro block 2}
begin(measure time)
optimizations, we ran a
for(i = 0; i < N; i++)
…
baseline implementation
{
for(j = 0; j < (i+1); j++)
Thread m's function
for convolution which
{
{ Does work of macro block m}
C[i] = C[i] + A[j]*B[i - j];
involved straight cod}
main
}
ing of the algorithm
{
for(i = N; i < (2*N-1); i++)
// Values initialized for A and B
with compiler optimiza{
// Vector C initialized to 0
for(j = (i-(N-1)); j < N; j++)
tions (-O2, -O3, -O4, {
begin(measure time)
C[i] = C[i] + A[j]*B[i-j];
msse3 etc.) both with
// Create m-pthreads and call their
}
// respective functions.
}
GCC and Intel’s ICC
// m can take values between 1 to 8
end(measure time)
// (cores on the chip)
compiler. The pseudo }
// Wait for threads to join
end(measure time)
codes for the baseline
}
implementation and our
(a) Base line code
(b) Parallelized code
parallelized version are
shown in Figure 9. FigFig. 9. Pseudo code for convolution
ure 10 shows the results
from this experiment.
The best possible performance achieved by a compiler is 2.2GFLOPS (Baseline for ICC) whereas with our parallelization, we achieved 17.5GFLOPS. This
shows that our mapping technique has given the compiler more opportunities to
parallelize and optimize the dependency graph computations on the multicore
processor.
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Conclusion

Performance in GFLOPS

We summarize the contributions
Performance Comparison for Convolution
made by this paper. Starting from
20
a seminal problem of mapping sys18
tolic arrays to multicore processors,
16
14
we made the observation that map12
10
ping of dependency graphs is more
8
6
fundamental and should be studied
4
rather than systolic arrays. We de2
0
ﬁned the abstraction of Hierarchical
Baseline with Baseline with icc Parallelized code Parallelized code
gcc
with gcc
with icc
Dependency Graphs, using which we
proposed a mapping methodology to
map and parallelize a dependency Fig. 10. Comparison with Compiler Optigraph to a multicore processor. mizations
We presented two case studies and
achieved scalable results and good performance illustrating our methodology. In
future, we plan to conduct more case studies of mapping dependency graphs to
multicore processors and also possibly integrate these techniques into compilers.
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