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Abstract

Working in a team can speed-up the completion of a job. However, splitting tasks and coordinating them
effectively within a team can be complex. Analogously, adapting code to optimize the use of modern multicore
hardware can be challenging: Significant experience and expertise is required to develop code that allows several
units to work on the same problem in parallel. While there are tools and libraries available to assist developers
in adapting their code for parallel processing, the full automation of an optimal software adaption to more than
one computational unit remains challenging, especially since parallelism often depends on runtime variables. In
compilers, the fundamental principle to extract parallelism on code level is data dependency analysis, which is
used to exploit Instruction Level Parallelism (ILP). Three dependencies, read-after-write, write-after-read and
write-after-write, are fundamental to any code compilation and are efficiently used in modern compilers and
hardware schemes. The read-after-read (RAR) dependency has been disregarded in the code compilation so
far, as it cannot cause any data hazards. This article introduces a novel method to use the additional RAR
dependency information contained in any code to enhance automatic parallelization. The novel principle is
introduced using a simple example and is tested with data and task parallelism problems: the principle was tested
on a multicore-CPU to automatically parallelize the computing of the recursive Fibonacci function, which leads to
a speed-up of 3.8-fold compared to a version scheduling each function call as a parallel task. Many physical
phenomena can be described by Partial Differential Equations (PDEs) and in a different example, the principle
was applied to compute the solution at the discrete points of a mesh describing space and time. Computing the
solution for all points can generate large data sets. Solving this discretized two-dimensional diffusion equation
with a Finite Difference (FD) scheme can require the computation of a three-times nested loop. Using our novel
approach, speed-ups of up to 4.8-fold can be reached without any additional code annotation. State-of-the-art
compilers are not able to parallelize such nested loop-section from unannotated code without the proper use of

corresponding frameworks.
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Introduction

Task distribution among multiple workers is a problem known
in many use-cases and industries, from logistics over coordi-
nating team work to running software on modern computing
platforms. The distribution of tasks to available workers starts
by splitting a process into tasks and then optimally distributing
these tasks to the available workers. A fundamental principle
when distributing work comprises two steps:

a) the communication of all necessary information regard-

ing a task to the workers, and

b) the workers using the provided information to execute
their assigned task.

These two steps can be described by a communication and

a processing part. To quantify the ratio between doing work

Eprocessing and needed communication Ecopmunicaring, this ratio

1 . Eoer
is defined as granularity G = 28—

communicating’
the effort. ’

Mynatix introduces a novel technique to segment a pro-
cess or code into distinct blocks which can be used afterwards
to parallelize this process or code. Each block has a gran-
ularity G and consists of a sequence of distinct work-steps
requiring the same input information. Each block knows from
preceding blocks which information is needed. The struc-
ture of these blocks builds a base for numerical optimization
techniques to e.g. minimizing the execution time or reduce
the energy demand of the overall process. This technique
is very promising to optimize code to run on modern (paral-
lel) computing platforms. The next chapters introduce how
the Latency-Optimized Code Segmentation (LACOS) carves
out blocks of arbitrary sequential instructions and potential
data transfers between these blocks from a given (sequential)
code. LACOS retrieves more information from code than

where E indicates



state-of-the-art methods by using the read-after-read (RAR)
dependencies. This enables the compiler to generate a novel,
generic dataset from a sequential code, which can be used
to enhance the code distribution to a parallelized hardware
using numerical methods. LACOS improves the automized
adaptation of code to a hardware and:
a) is not sensitive to programming languages and thus has
many areas of application.

b) is a physically based and therefore patentable technique,
implementable as a software or hardware.

¢) enhances static code analysis to impact the compile
time and not the execution time which thus doesn’t
delays the runtime [34].

Mynatix is beginning to explore the limits of this new
approach. As numerical optimisation techniques strongly
depend on the underlying data and LACOS has been demon-
strated to retrieve more information from static code analysis,
more automation will be possible to adapt code to hardware
by using LACOS. This reduces the requirements of expertise,
time and costs in software development.

1. Theory

This section will introduce some fundamental aspects of par-
allelism regarding both hardware and software.

1.1 Parallelism on circuit level

The time to charge or discharge the capacitance of a circuit,
meaning the change of its state by charging or discharging the
voltage level, is called the propagation delay and can be seen
as the time required to compute a binary operation fcompure-
The signal transfer between hardware components by wire
requires a transfer time, #;,qnsfer - LOOKing at the parallelism
possible on a circuit level, digital circuits can be distinguished
between combinational and sequential ones [45]. Sequential
circuits depend on past and current inputs, which means they
must have a memory system and a clock to keep track of
timing. Additional tO fcompures frransfer 1S needed to transfer
and input past data from other circuit parts. On the other
hand, in combinational circuits, the result depends only on
the current input and only the computational time #;opure 1S
required.

1.2 Parallelism on hardware level

Parallelism on (micro-)processor scale, covers a wide field
of architectures. On computing systems with only one CPU
(uniprocessors), parallelism is exploited by optimising instruc-
tions to the CPU-pipeline and in corresponding hardware
schemes [17]. Different uniprocessors exist from single in-
struction / single data (SISD, a standard uniprocessor) to
Single Instruction / Multiple Data stream (SIMD, e.g. SIMD
instructions, GPUs, etc.) to multiple instruction / single data
streams (MISD) [12]. Multiprocessors can be distinguished
by the used memory models. In non-uniform memory access
(NUMA) designs, a part of the memory is allocated for each
processor. In this case, processors use the same virtual address
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space and the communication can be implemented via shared
memory variables [21]. On the other hand, if each processor
uses a different virtual address space, like e.g. in multicomput-
ers or clusters, the communication between processors must
be performed by message passing. Each architecture type and
communication model has its own characteristic for handling
the computation and transfer of data. However, all share the
challenge of optimally distributing the computations (instruc-
tions) in a code to more than one computing unit. In general,
transferring data is a magnitude slower than computing several
instructions in a row on the same data.

1.3 Parallelism on code level

The order of the statements in a code is normally given in a
sequential form. Depending on the architecture of the hard-
ware, it is therefore necessary to reorder the instructions in
the statements and / or distribute them to different cores to
exploit the computational power of the hardware optimally.
Modern compilers and frameworks optimise the handling of
data and instructions and leave developers to optimise their
codes to a specific architecture. State-of-the-art compilers
efficiently optimise code for a target architecture with one
computing core. Uncompiled programming languages, such
as interpreted languages, can be by design serial or provide
extensions to enable developers to exploit parallelism on dif-
ferent hardwares. One can distinguish between different levels
of parallelism:

* Bit-level parallelism. The larger the proces-
sor’s (register) size, the smaller the number of needed
instructions (example: sum of a 16-bit integer on a
8-bit processor = 2 instructions compared to a 16-bit
processor = 1 instruction).

e Instruction-level parallelism (ILP).This
refers to exploiting the simultaneous execution of mul-
tiple instructions, such as instruction pipelining, out-of-
order execution, etc. [17].

* Loop-level parallelism (LLP).In this case,
ILP is exploited between different loop iterations: the
loop-carried dependencies are key for this type of par-
allelism. There are different approaches to parallelise
loops, such as DOALL, DOACROSS or DOPIPE paral-
lelism [48, 28, 6]. Compared to ILP on modern hard-
ware, this is most incorporated on source code level by
techniques such as unrolling loops, vectorization and
other [4].

* Thread-level parallelism (TLP).Incontrast
to ILP, TLP is rarely covered by hardware schemes.
Independent tasks are created by programmers or oper-
ating system to exploit running tasks in concurrency.

In general, there are two ways to differentiate how parallelism
is exploited in TLP: data and task parallelism [22]. LACOS
is able to extract more information from dependency analysis
of static code than state-of-the-art methods are. This enables
LACOS to enhance both ways of exploiting parallelism, data
and task parallelism, in a code automatically.



1.4 Compilers and ILP
Data dependency analysis is well known in compiler theory.
The novel segmentation is based on data dependencies and
its fundamentals are briefly summarized below, with focus on
the history of data dependency and its use to exploit instruc-
tion level parallelism (ILP). This is followed by a description
of state-of-the art compiler technologies, with focus on how
they rely on the fundamental basis of dependence informa-
tion, which was studied intensively to exploit ILP up to the
peak in research around the year 2000. It will be shown that
read-after-read (RAR) dependencies have not been used to
support automatic parallelization of code. This leads to the
introduction of the principle how these dependencies can be
used to introduce potential transfers between groups of arbi-
trary sequential instruction chains. These potential transfers
link to the inevitable latency for any binary computation. The
approach is introduced with a simple example.

Sections 3 and 4 present two applications on how the
segmentation can be used to optimise a code on a multicore
platform.

1.5 History of dependency analysis

Segmenting code into basic blocks (BB) in a control-flow
graph (CFG) has a long history in Computer Science [2]. To-
day’s state-of-the-art compiler-frameworks have implemented
sophisticated steps to analyse the segmented code in their
intermediate representations (IR) [25, 7]. Intermediate rep-
resentations are the compiler’s own language the input code
from the frontend is translated to. When compiling code to a
hardware, the program correctness is one of the fundamental
principles of compilers and is maintained by correctly han-
dling control and data dependencies [17]. These dependencies
are used in compilers i.e. to preserve the correct order and
timing of data operations in a program when exploiting in-
struction level parallelism (ILP). Therefore, data dependencies
are key for exploiting available parallelism in a program. At
the level of ILP, the scheduling of instructions is optimized to
the latencies of the functional units in a CPU-pipeline, which
is the standard in all processors since 1985 [17]. The cen-
tral aspect of the optimization is to reorder instructions to
optimally, respectively in parallel, run on a given processor.

1.5.1 Fundamentals of dependency analysis

A distinction is made between three types of dependencies:
data, name and control dependencies [17]. In the following,
the focus is set on data dependencies. There are three cases of
dependency that can lead to data hazards:

* Read-after-write
an instruction must wait till a preceding instruction is
calculated. The instruction depends on the result of a
preceding instruction.

* Write-after-write (WAW):Outputdependence,
when an instruction writes its result to the same register
as a previously, but not yet finished operand. A change
of this order would change the final output.
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* Write—after-read
an instruction writes to a destination after it is read by
another instruction. A change of this order would result
in the reading instruction using the wrong data.

Different approaches have been built to exploit ILP while
taking these data-, name- and control-dependencies in account.
There are two fundamentally different approaches: a) finding
parallelism statically at compile time and b) parallelizing
from the hardware-side by dynamic scheduling [17, 32, 40],
which includes handling potential data hazards [5, 20] and
thus focuses on the influence of data, the data-flow execution
[17].

An overview of ILP approaches in the 20th century is given in
reference [35]. Multiprocessors started to be used in the 20th
century and a peak was reached for ILP after 2000 [17].

1.5.2 ILP and TLP

The shift to multiprocessors went along with the growing
number of data-intensive applications. The demand for data
parallelism as well as request-level parallelism (large number
of parallel requests) [17], led to thread-level-parallel (TLP) ap-
proaches. With thread-level-parallelism *Multiple Instruction
Multiple Data’ computer architectures [12] could be exploited.
Here, the independent threads are normally identified by the
programmer, which stands in contrast to ILP, where parallel
operations within a loop or a straight-line code segment are
exploited by compilers, hardware-schemes and operating sys-
tems [17]. TLP is hardly covered by the hardware [27]. This
resulted in a shift from hardware-supported ILP exploitation
to programmers exploiting TLP by hand. There was a develop-
ment from exploiting ILP by software to hardware exploiting
ILP and, now, software exploiting TLP became relevant. It is
known that ILP must be detected over the boundary of basic
blocks. Therefore, the focus was set on loops to enable TLP
[27]. In this context, the RAR dependency has not had any
relevance [26].

1.5.3 ILP in loops

Instruction level parallelism is especially important for loops
[17]. In loops, unrolling is one technique to convert Loop-
Level-Parallelism (LLP) into ILP, but it is limited by different
factors [17]. With focus on dependencies, the task is to deter-
mine dependencies for the statements in the loop body. Dis-
tance vectors can be used to define direction vectors, which
can be used to identify dependencies between iterations by
indicating how far apart accesses to the same memory location
are [13]. If the distance vector between two iterations lies
outside the scope of the unrolled loop, those two iterations

(RAW) : Flow dependence, when can potentially be executed in parallel. Allen & Kennedy [4]

demonstrated, how flow dependencies are the only important
kind of dependency and that anti- and output-dependencies
are meaningless for vectorization, as they only fix the order
[4]. Allen & Kennedy [4] relied on work done by Towle [41]
to define dependencies as ”[they] must be considered when
detecting recurrences that inhibit vectorization” [4]. Testing
array-subscript dependencies is crucial for parallel execution

(WAR) : Anti-dependence, when



of a program, ensuring different parts do not conflict. This
involves verifying, whether one program segment depends
on another’s output. Solving Linear Diophantine equations
seeks integer solutions to polynomial equations [13], which
can help to identify the dependencies between array segments
but is a NP-hard problem. This has led to today’s limits. As
will be explained later, using RAR enables to build groups
of instructions based on the distance vector and a simple
scheme to minimize the inner-loop data dependencies hold-
ing novel opportunities for static code analysis and automatic
parallelization.

1.5.4 State-of-the-art

Examples of state-of-the-art work exploiting ILP in loops are
discussed in references [48] or [28]. Earlier work based on ex-
ploiting thread-level parallelism by speculating on multicore
chips during runtime to overcome code immunity to static
parallelization is shown in reference [47]. These approaches
are based on data dependency speculation, meaning that it is
guessed, whether the data access is in a different location. In
case there is a RAW hazard, this is reversed in an additional
step [47]. This thread-level speculation is the origin of the
limits reachable by static parallelization [13]. Zaidi et al. in-
vestigated the limits of LLP [48], but they base their approach
only on three types of data dependencies: RAW, WAR and
WAW. Another state-of-the-art paper introduces a compilation
layer over the open source compiler infrastructure LLVM [28]
and uses the automatic parallelization framework HELIX for
loopregions [6]. These authors use the work described in
[15] to identify dependencies and focus on the loop-carried
data dependencies, which also do not use RAR dependencies.
Furthermore, the latest studies on exploitable ILP, e.g. [11],
do not indicate that RAR could be used to exploit ILP in any
of these schemes.

1.6 Using RAR in compilers
Historically, RAR dependencies are not considered as they
do not cause any data hazards. Similarly, when it comes to
making use of Instruction Level Parallelism (ILP), compilers
do not need to consider RAR dependencies. This is also true
for hardware that dynamically schedules tasks, since it can
naturally handle RAR situations without any issues. To the
best knowledge of the authors, this is still the state-of-the-art
in today’s compilers and hardware-side dynamic scheduling
mechanisms. Nevertheless, RAR dependencies provide infor-
mation about the parallelism in code and the novel technique
Latency Optimized Code Segmentation (LACOS) uses this
additional information available in any code. LACOS uses
data dependency analysis at instruction level to build blocks
with arbitrary serial instructions and introduces potential data
transfers to take RAR data dependencies into account. This
results in a finer grained code segmentation than with Basic

Blocks with two distinct features:
* A physically based segmentation of parallelizable code
segments. The information of parallel blocks with se-
quential instruction chains is identified in the Control

Latency Optimized Code Segmentation — 4/17

Flow Graph (CFG) of a code based on static code anal-
ysis. This results in a generic, continuous series of
computations followed by a transfer / communication
segment, from which parallel code can be derived.

* The series of computational and transfer segments are
used to calculate a ratio between the time that is used
to compute and transferring data. This ratio was ear-
lier introduced as the granularity Gy. In the optimiza-
tion step, the granularity is then taken into account to
distribute the computing segments to different compu-
tational units with minimized transfer latencies. The
separate computational units (ALU, cores in a multicore
CPU, GPU-threads, etc.) are in the following called
localities.

Sequential instructions are in the following grouped into
computation blocks (CB), defined by RAW dependencies. The
fundamental idea is that in any computer system that processes
data in binary form, the time it takes to share data, represented
by potential transfers between blocks, is inevitably physically
dependent on the latency experienced by accessing data. It
does not make sense to granularly segment the computation
blocks, as they have a direct write-to-read link. It holds, that
this kind of segmentation is the fastest form to compute a
binary result in any scale of computing, from circuit, micro-
processor, pipelined CPUs through superscalar processors,
to multicomputers with distributed memory platforms. This
article aims to show the use of LACOS in compilers and
for optimizing interpreted languages used on platforms with
more than one computing unit. LACOS contrasts today’s
modern (superscalar) processors, which already include many
approaches to exploit ILP in their working schemes [39], but
with an expensive overhead in amount of chip area used [34].
There has been a trend towards multicore processors over the
last two decades [33]. LACOS is therefore particularly suit-
able to bridging the gap between the level of ILP that modern
processors can utilize and the increasing demand of applica-
tions that can take full advantage of multicore platforms, by
e.g exploiting Thread-level parallelism.

2. Latency Optimized Code Segmentation

The repeated reading of the same data element in a code
(RAR) provides the possibility to run the subsequent instruc-
tions in parallel. This indicates that data must be transferred to
another locality. A very simple program with one Basic Block
and with four statements is shown in Figure 1 to illustrate how
LACOS works.

The four statements can be illustrated in the form of a
computation graph: triangles represent instructions, circles
represent data information, while angular, solid and directed
lines indicate data flow, and dotted lines indicate flow depen-
dencies resulting from the data dependencies. The RAR on the
variable a indicates the possibility to compute the subsequent
instructions in parallel. Therefore, the instructions calculating
x and y could potentially be computed in parallel at two dif-
ferent localities. Based on this information, LACOS builds a



#include "stdint.h"
read

int main(int argc, char *argv[]) {
write —-|

uint8_ta, b, c, x, y, z;
read - RAR

a=b+c;
x = log(a);
y=a‘a;
z =Xx*4;
return(1);

Figure 1. Simple code example with 4 instructions and
corresponding computing graph built using the data
dependencies of the instructions. Triangles represent
operations, circles represent data information, angular, solid
and directed lines indicate data flow and dotted lines indicate
flow dependencies resulting from the data dependencies.

specific computation flow graph, called LACOS-graph, with
novel segments, the computation blocks (CB). One CB con-
sists of a series of arbitrary sequential instructions (RAW).
For each CB, potential data transfers at the beginning and end
are defined, see Figure 2. The CB can be built with a simple
rule to add a new instruction N to the LACOS-graph - first
without including control dependencies:

a) If the N is a RAW instruction dependent on instruction
M, and all input data needed to execute N is available
in the computational block of M, then add instruction
N to the chain of the computation block of M after the
instruction M.

b) In case an instruction N needs further input data then
available in the CB of M (e.g. the data elements read
by N are written by two instructions M and K, where
M and K are in two different CBs), a new CB is created
with N and the corresponding data transfers are added.

c) If Nis, again, a RAW instruction dependent on M, but
in this case M is not at the end of the instruction chain
of its CB, split the original CB of M directly after M and
add two new computation blocks, with the needed data
transfer. An example can be seen in Figure 2, where
M is the statement, where a is written, and N is the
statement, where y is calculated.

Following these rules, each block has: a) computations in the
form of a chain of arbitrary sequential instructions with True
dependencies and, b) known transfer properties at the start
and end of each block to other blocks.
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Figure 2 shows the CB configuration for the example in-
troduced earlier. When adding the statement y=a*a, the RAR
on the variable a is resolved by adding CB2 and CB4 after
the statement, where a is written by a=b+c. The introduced
potential transfer for the variable a is visible as a dotted line
in Figures 2, 3 and 4. It is important to note that it is not yet
given whether these transfers are established in a subsequent
parallel code. This decision is made in the optimization step,
see section 2.3.

-

Lo @
CcB1 I .............................. ~ A A
e \\ / °

transfer

7 CB flow dependencies (_ _ .

— -»  instruction order in CB A

Figure 2. Graph with computation blocks for code in Figure
1. Dotted line indicate data transfer between CB1 to CB2 and
CB3, fined dotted the flow dependencies of the computation
blocks and dashed instruction order within the CBs.

2.1 Data and control perspective

The LACOS-graph represents the data flow in a novel form
by including the, until now, hidden information in RAR de-
pendencies. In classical data flow analysis, the instructions
are data-dependent from more than one predecessor, which is
an issue when optimizing [17]. In LACOS-segmented code
the RAR are resolved by adding parallel CBs, which repre-
sent potential transfers in two flows that are separated by a
transfer of the data element causing the RAR dependency.
Viewing a program from the control and data perspective has
a long history [16]. The control graph shows all paths that
can be traversed by a program and the data graph shows the
flow of the data between instructions [1]. A LACOS-graph
is a control/data flow graph (CDFG) [46], with a finer gran-
ularity than a Control Flow Graph (CFG) with Basic Blocks.
The RAR dependencies are used to differentiate parallelizable
CBs that contain instructions originally grouped by their RAW
dependencies.

It is important to distinguish several Basic Block types,
where a Basic Block is defined as a subsequent part of code
with no jumps in or out of the block, except the entry and exit
[3]: BBs in loops (see BB2 in Fig. 3) and BBs with sequential
instructions not in loops (BB3 in Fig. 3). Applying LACOS
to a code in Basic Block segmentation, CBs can be positioned
according to the control dependency of their original Basic
Blocks, see Fig. 3. The information of the number of parallel
CBs and their order can be preserved over the boundaries
of Basic Blocks. This is visible in Figure 3 for the “True”
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Figure 3. The LACOS-graph: a CDFG with BB1 containing
code from Figure 2, BB2 a loop over gli +4] = gli] +z and
BB3r=y+2;k=z+1;

case for condition condl (BB1 — BB3). The approach to
apply LACOS to loop-sections is introduced in more detail in
section 4.1. This enables the usage of LACOS in compilers
and for optimizing interpreted languages, which provides new
opportunities by e.g.:

a) generating tasks with a calculatable granularity as a
function of runtime-variables. This simplifies e.g. the
scheduling of tasks in the kernel of operating systems.

b) identifying the critical path using the levels of parallel
CBs in different basic blocks [42].

¢) exploiting loop-level-parallelism using distance and di-
rection vector to form CBs for BBs in loop-sections.

2.2 Retrieving parallel code

Computation and transfer properties can be stored separately
in two matrices: a computation matrix and a transfer matrix
(Figure 4). In Figure 4 the control dependencies are not shown
for simplicity and correspond to the example in Figure 1. Dif-
ferent possible paths can be stored by adding a third dimension
to the matrices. Independent flows that allow computing code
at different locations are indicated as rows, each with their
own start and end symbols. This form of code segmentation
provides a structure to distinct between parallelizable codes
for each location with all necessary data transfers.

Based on these two matrices, it is possible to deploy the
computation and transfers in a parallel code. Different com-
munication models can be applied to execute the data transfers,
depending on the target platform: from using shared memory
to data messaging. For example, barriers (synchronization
of threads by e.g semaphores) can be added when a transfer
occurs (e.g. before CBS5 starts) for platforms using shared
memories. Alternatively, an active communication model
e.g. "Message Passing Interface’-protocol (MPI) can be used
to send a after CB1 to location 2, which expects to receive
data during CB4. The resulting parallel paths consist of a
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Figure 4. Ordered CBs in a computation matrix (above) and
a transfer matrix (below) with two distinct paths to compute
the code.

continuous series of computations and transfer steps for each
location.

This segmentation of code is grounded in the physical
principle that the time required to transfer data is an order
of magnitude greater than the time needed to continuously
compute serial instructions at the same location. Applying
LACOS to a code, generates a segmentation with a base gran-
ularity Gy by identifying the smallest sequential segments in a
code. The enumeration and placement of the blocks in the two
computation and transfer matrices result in each row represent-
ing a separated computing path connected with appropriate
transfers. In this generic form, the row dimensionality of the
matrices shows the maximal parallelizability of a code for the
case that the number of localities / processors is unlimited.
This level of parallelism only depends on the computation
graph (ideal parallelism). In real applications this is obviously
not given.

2.3 Optimization complexity / scheduling
After any kind of code segmentation, the resulting segments
have to be mapped to localities. The optimization step con-
sists of mapping the segments to available, different locali-
ties, which we will refer to in the following as computing
units. This step consists of the matching (meaning assigning)
and scheduling (meaning ordering) of a series of instructions
(tasks) by optimizing their compute and dependency pattern to
a target objective function [37]. In LACOS-matrices, each row
consists of tasks with different granularities [23], as shown
in Fig. 4. This structured form of the code can be used to
retrieve code with higher granularities G by combining rows
in the matrices. This leads to the summation of computations
and elimination of potential transfers (Figure 5).

In the example in Figure 5, a hypothetical runtime for both
versions can be defined as:

tend 210c = te,cB1 +max (t cB1—BCs +tecBs,tecnz) (1)

tend,lloc = Ztc,i = tc,l +tc,2 (2)



x=log(a)
z=x*4 te2
y=a*a

Figure 5. Combining rows in the matrices reduces the level
of parallelism which leads to a higher granularity G

See Fig. 5a for the LACOS-graph for Eqn (1), and Fig. 5b for
Eqn (2). The minimal / optimal runtime can be then defined
by Eqn (3).

Lend minimal = min ([end,21007tend,lloc) (3)

This is only a schematic example to introduce the principle
for an optimization approach using the proposed novel seg-
mentation.

In general, the distribution of n segments with a brute-
force approach would result in an &'(n!) algorithm, if all
sequences would have to be evaluated [43]. Optimization by
distributing code to different cores has a long history in re-
search [14]. LACOS groups the number of smallest segments
(instructions) of the code to physically inseparable groups and
orders these groups based on which can run parallel to each
other. From a physical perspective it does not make sense to
further split the grouped instructions in the computation block
since combinational computation (without any transfer) is
faster than sequential computation [45]. This can significantly
reduce the complexity of mapping the CBs to different units,
especially for loop-sections. Using this method, compilers
can see distinct groups of instructions to schedule on different
locations, thus resolving the problem of having instructions
with more than one data dependency, which is an issue when
optimizing [17]. It enables the reformation of a code to build
tasks (instruction blocks) with a certain target granularity de-
pendent on the used platform. This aproach trivializes the
optimal scheduling of the tasks. The tasks are composed to
have (approximately) the same granularity, in other words
computing and transferring ratios.

LACOS can introduce solutions that significantly reduce the
effort required to map the LACOS-segments for the following
cases:

a) A distinct number of same, parallel CBs have to be dis-
tributed to symmetrical units. In this context, symmet-
rical means that all localities have the same computing
performances and equal transfer-latencies for moving
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data between each-other (e.g. a multicore-CPU).
b) Building a series of tasks with one, fixed target granu-
larity.
The feasibility of such an optimization approach is supported
by the limited parallelism in Basic Blocks [44] - excluded
from these limits are Basic Blocks in loop-sections, see section
4.1.

When not all units have the same characteristics, such as,
if a platform consists of localities with different performance
and transfer latencies, LACOS produces a data set suitable
for numerical optimization. It provides a numerical system
that can be optimized for an objective function with known
(heuristic) optimization methods, e.g. to reduce overall latency
times. The optimization of a LACOS-graph has combinatorial
complexity as a function of

ernel

Nypjts—=0 "CB,i “
where 7, is the number of computing units, ncp the max-
imal available parallel CBs over a kernel-width for a target
platform. The kernel-width relates the (minimal) computing
time to the (maximal) transfer-latency given on a platform.

2.4 Benchmarking LACOS

Measuring the performance of parallel computations on a
platform can be complex and must be done carefully [18].
LACOS automates the step of parallelization, respectively
distributing a code to more than one unit. Therefore, the im-
provement gained by applying LACOS to a code must be com-
pared to methods with the same scale of automation. LACOS
also extends the application field of compilers by enabling
the parallelization of code to more than one unit. Therefore,
the output of code transformed by LACOS can for now be
compared to state-of-the-art compilers. When using modern
development-stacks for software development, the process of
parallelization, respectively distributing code to more than
one unit is largely explicitly instructed by developers. This
manual work is supported and simplified by a wide range of
frameworks (e.g. TensorFlow, OpenMP, CUDA), standard
protocols (e.g. MPI), tools (e.g. numba for python) or spe-
cific languages (e.g. julia, fortran). All these frameworks and
tools support developers to write parallel and concurrent ap-
plications suitable for running on a distinct platform, e.g. on
multicore-CPUs, GPUs or cluster-instances. For interpreted
languages, extensions (e.g. numba for python [24]) can im-
prove code performance to reach a state-of-the-art compiler
optimization level with only few manual annotations. In such
cases, the performance gain reachable by LACOS is again
comparable with compiled solutions. To benchmark LACOS
against any solution created by developers using established
frameworks or writing parallel code directly, two aspects must
be compared: a) the reachable level of optimization, b) com-
paring the development time including needed skills. Such a
study has to be performed with many different applications of
LACOS and is planned in a next article.



2.5 LACOS in test cases

In general, there are two approaches to break down a code
into concurrent parts: data and task parallelism [22]. For a
first test of LACOS, it was applied to both. These experiments
are presented in sections 3 and 4, showing promising results.

3. Application of LACOS to the Fibonacci
Sequence

The computation of the Fibonacci sequence for a given 7 is
a well-studied phenomenon. In principle, the computations
cannot be parallelized as the computations base on the first
two elements.

define dso_local 132 @fib(i32 noundef %n) {
entry:

$retval = alloca i32, align 4

%$n.addr = alloca i32, align 4

store 132 %n, ptr %n.addr, align 4

%0 = load 132, ptr %n.addr, align 4

$cmp = icmp sle i32 %0, 1

br 11 %cmp, label %if.then, label %$if.else
if.then:
%1 = load 132, ptr %n.addr, align 4
store 132 %1, ptr %retval, align 4
br label S%$return
if.else:
%2 = load 132, ptr %n.addr, align 4
$sub = sub nsw 132 %2, 1
$call = call i32 @fib(i32 noundef %sub)
$3 = load 132, ptr %n.addr, align 4
$subl = sub nsw 132 %3, 2
%$call2 = call 132 @fib (i32 noundef %subl)
%$add = add nsw 132 %call, %call2
store 132 %add, ptr %$retval, align 4
br label %return
return:
%4 = load 132, ptr %retval, align 4
ret i32 %4

Figure 6. Recursive implementation to compute Fibonacci
sequence in LLVM intermediate representation (IR)

Nevertheless, running a recursive implementation in con-
currency can improve the speed of the calculation in a mul-
tithread environment [36]. Figure 6 illustrates the recursive
implementation to compute a Fibonacci number with the func-
tion fib(n) for a given number n. The function definition
visible as LLVM 1R is chosen as an example, because by
running each recursive function call as a task, the resulting
task-graph matches the LACOS-graph. This makes it suitable
to demonstrate how to optimize a LACOS-graph to a platform.

Different colors are used for each basic block in Figure 7
given by the branching due to the if-statement. Figure 7 shows
the CBs and potential transfers generated with LACOS for a
recursive unrolled call fib(3), based on the code in LLVM IR.
As each transfer on a platform introduces an overhead, the
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3
fib(3)

.......... . rs

%cmp =
icmp sle i32 %0, 1

%sub =
sub nsw i32 %2, 1

%emp =
icmp sle 132 %0, 1

%sub =
sub nsw i32 %2, 1

%sub1 =
sub nsw i32 %3, 2

Yhemp =
icmp sle 132 %0, 1
store i32 %1, ptr | | .
Yretval

6
fib(1)

sub nsw i32 %3, 2

icmp sle 132 %0, 1 icmp sle o %0, 1

store i32 %1, ptr store i32 %1, ptr
%retval %retval

%add =add
nsw i32 %call, %call2

store i32 %add,
ptr %retval, align 4

M3
ib(3)

%add =add T
nsw 132 %call, %call2 4 rs
fib(2) fib(1)

D entry

|:| if.then und return

I if.else

store i32 %add,
ptr %retval, align 4

fib(1) fib(0)
Figure 7. LACOS-graph, which is equivalent to the
task-graph, when starting function as separate tasks for code
in Figure 6. Fixed lines indicate instructions belong to the
same computation segment (task), dotted lines potential
transfers in Gy

granularity Gy (e.g. in Figure 7) can be changed to meet the
physical demands of a specific platform. This can be achieved
by combining parallel LACOS-nodes until the overhead to
run in parallel is lower than the serial execution. Although
this approach doesn’t guarantee to find the global maxima,
this optimization technique is computationally bounded. This
can be illustrated for the children nodes indicated with I'¢ and
I'; and their parent node I'4:

Iserial T4 = Z AIC,F =ler4+ fe 16 + ter7 (5)

Iparallel T4 = le T4 + Lerxsy T Max (tcf()a tc,l"7) (6)

As long as tparaiiel, T4 > tserial T4 it is beneficial to run the
group I'y, I'g and I';7 in series. Otherwise it is beneficial to
run the nodes in parallel despite the overhead of starting (and
ending) an additional task, #.s,. By combining the LACOS
graph nodes of the same graph-depth, the computation of
the sum and the transfers vanish. By continuously group-
ing nodes in the LACOS-graph to tasks until the intended
granularity is reached, the code can be optimized to fit the
latency properties of a target platform. A LACOS-graph can
be composed from any code and this form of graph optimiza-
tion enables to exploit task parallelism in code in a novel,
generic form. This approach was tested on a platform, with
an Intel®Xeon®CPU E5-2680 V3 @ 2.50GHz with 32GB
RAM running ubuntu 22.04.2 and using the oneTBB Task
scheduler for task scheduling [8]. Following [38], a context



switch time of 75, = 3860ns was measured on the platform.
The code has an IPC of 1.13 at a speed of 254 GHz given by
using ’perf’. The LACOS-graph can be traversed and com-
bined until the cumulated computations of the nodes become
larger than the context switch time, (Eqn. 5 and 6). With
the measured IPC and context-switch-time, the threshold for
the granularity can be forecast during compile-time. For the
given platform, the threshold is evaluated threshold = 15.82.
This corresponds well with the optimal threshold gained by
the measurements (Fig. 7).
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Figure 8. Measured speed-up by combining LACOS-nodes
until the parallel execution of tasks is beneficial in regard to
the overhead of context-switches ¢ .s,. The numbers show
the runtime in ns using [9].

This threshold can be determined solely by the LACOS
graph, which is based on the static code analysis, the IPC and
the context-switch-time ¢, y5,. This illustrates how code can be
adapted to the physical properties of a platform using LACOS.
Additionally, this allows code to be optimized depending on
runtime variables, which can enable new limits of automatic
parallelization using static code analysis methods. The code
can be automatically generated:

long fib2 (int n) {

if (n < 2) {return n;}

else {fib2(n-1) + fib2(n-2);}

}

long fib(int n, int threshold) {

if (n < threshold) {return fib2(n);}
else {

int x, y;
tbb::task_group g;
g.run([&] {x=fib(n - 1,
g.run([&]{y=fib(n - 2,
g.wait () ;

return x + y;

+}

threshold); });
threshold); });

While running this code, the tasks are executed, if a certain
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threshold, symbolizing the transfer overhead defined by the
hardware-granularity is not reached.

4. Application of LACOS to the
two-dimensional diffusion equation

Loop sections can result in a high computational demand.
LACOS is able to exploit data parallelism opportunities in
nested loop sections by including the RAR dependencies. The
implementation of a two-dimensional diffusion equation using
the Finite-Difference (FD) method to discretize the equation
on a mesh, leads to a three-nested loop over the spatial and
temporal solution space. State-of-the-art compilers, such as
LLVM or gcc cannot directly parallelize such loop sections.
Furthermore, frameworks, such as OpenMP, must be applied
correctly to only the two inner loops to achieve a successful
parallelization for a multi-threaded platform. Therefore, this
example is chosen to demonstrate how LACOS can correctly
exploit the data parallelism in this algorithm fully automized.

4.1 LACOS for loop sections

First, the principle of LACOS in a loop is illustrated using a
simple, comprehensible example, as it is tricky to illustrate
all data dependencies for complex, nested and unrolled loop
sections. It is important to note that the statements that are
computed in the loop-body often depend on loop variables,
which themselve often depend on runtime variables. One
of the possibilities to exploit ILP in loops is by using loop-
unrolling and by detecting data dependencies in the statements
within loop-bodies [17]. Such a dependency analysis has been
known to be limited for a long time [13]. The limitations arise
from the increasing complexity of the code analysis with the
increasing unrolling depth [10].

In this code example:

for (i=0,
ali+6] =
}

i<N, i++) {
al[il+al[i+2]1+C;

the LACOS-graph can be derived solely by the distance m
built by the indices determining the linear access to memory.
Using this distance, respectively direction, vector [13], the
number of parallel computation blocks in a LACOS graph can
be expressed as a function of runtime variables by applying
the fundamental principle of LACOS.

For this code sample, the element at index i+6 is overwrit-
ten with the sum of the value in element i and element i+2
and a constant C in every iteration. Therefore, a/6] is written
at i=0 and is read for the first time from within the loop at
iteration i=4 and read a second time at i=6. At i=6 the RAR
dependencies are indicated, which LACOS uses in addition
to state-of-the-art methods to exploit ILP. In a for-loop, the
loop-variable changes in each iteration by a given rule (in
the example i ++ : i =i+ 1). To illustrate how LACOS han-
dles these statements, one computation block is introduced
for each unrolled iteration. Parallel LACOS nodes consist of



Figure 9. (a) Computation blocks which each read, compute
and write the statement a[i + 6] = a[i] + a[i + 2] + C for each
iteration i. (b) LACOS-graph with parallel nodes for each
iteration and indicated internal transfers. Solid arrows show
RAW, dotted arrows show RAR.

instruction groups, which have no write to read dependencies
(RAW) and do not share the same value for the incrementing
index i. In Figure 9 a, it is shown how four computation blocks
are parallel until the first write to read dependency (RAW)
creates a potential data transfer. The solid arrows indicate the
transfers triggered by the RAW dependency, the coarse dotted
arrows show the RAR dependencies and the fine dotted arrows
show the necessary data transfers from the CB(s) preceding
the loop section.

The loop-Basic Blocks can be composed in the LACOS-
graph by n)| and nyy,p, Where n) describes the number of
parallel CBs and is a flﬂfion of the distance between the

indexed accesses on a, Arw, where ’r’ stands for ‘read’, and
’w’ stands for *write’. 7., describes the minimal amount
of sequential iteration over the n) parallel CBs, and cannot
be parallelized and is a function of the resulting ;| and the
loop variable definitions. Between each read a[i+ o,] and
write a [i + 0, an index distance pair can be derived based on
the offset o, and o,, from the loop-variable i. For the equa-
tion a[i + 6] = a[i] + a[i + 2] + C this results in two distances:
Arwi=o0,—0,=6—0=6and Arwy =0,,—0, =6—-2=4.
One inner-loop transfer (RAW) occurs at the minimal in-
dex distance, in this case after Arw, = 4 iterations and the
next transfer (RAR) Arw; = 6 iterations later, respectively
Arr = 0,9 — 0,1 = 2 — 0 = 2 iteration after the RAW.

Based on the m and the loop definition, where 0 <i < N,
n =4 and nj,p = (N —1)/n. The LACOS-loop graph is
shown in Figure 9b for N = 12. Each CB consists of the com-
putation in the loop body, in this case a[i] +a[i + 2]+ C, each
using a different value for i. ., is a function on the loop
variables in the loop definitions, in this case N. The number
of LACOS-nodes often depend on runtime variables, how-
ever, this dependency must be linear, as indexes to access
array are always natural numbers. The LACOS-nodes from
I' =T'4; I's —I's and I'9 — I'1 can be run in parallel. For
a symmetrical platform (cores with same performance and
inter-data-exchange latency) it is possible to distribute the
parallel CBs to the available n,,; units with an analytical
step. This is possible as every LACOS-node in G requires

Latency Optimized Code Segmentation — 10/17

the same amount of computing power and each unit holds the
same computing power as well. The key step is to minimize
the inner-loop-transfers. A first characteristic of the LACOS-
graph is that no additional loop-internal transfer occurs if the
number of parallelizable nodes is distributed to an even num-
ber of nyirs = n|, see Figure 9b. In all other cases, additional
loop-internal transfers occur.

Figure 10. Combining parallel LACOS-graph-nodes by the
read-write-pair leads to the vanishing of potential transfers. a)
shows computation blocks with transfer for Arw; = 2 and
Arwy = —2. b) shows the blocks combined by their RAW
and RAR distances

The RAR dependency information bears another oppor-
tunity to minimize the loop-internal transfers by merging
LACOS nodes that share as many read-read pairs as pos-
sible. Each merge of LACOS-nodes reduces one potential
loop-internal transfer, see Figure 10.

Optimizing the loop-internal transfers along the distances
between the read accesses on the same data, leads to the re-
duction of the amount of potential transfers, as can be seen
in Figure 10b. In this simple and illustrative example, the
distances are Arw; » = £2. The only type of node merge that
minimizes the number of transfers is the one that combines
the LACOS-nodes of every second iteration. Any other com-
bination of parallel LACOS-nodes leads to more transfers. As
read-read dependencies are also a function of the distance
vector Arw, they can be used to reduce the amount of parallel
LACOS-nodes to fit the number of units 7n,,;; with a further
analytical step, see for example Fig. 11.

belore \oop before Ioop

Nioop

]

Figure 11. Minimized transfers in sample code for n,,;;; = 2
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Given the presented links between the loop definition, the
statements in the loop-bodies and the LACOS-graph, it is



possible to build a LACOS-graph with this information from
static-code analysis. Both properties n and 7., can be de-

rived as a function of the distance vector Arw and runtime
variables without an explicit data-analysis step, respectively
unrolling the loop. This generates novel limits for the exploita-
tion of LLP in loops and can be enhanced by state-of-the-art
methods. Mynatix’ method enables new code optimization
opportunities and enables the exclusive dependency of paral-
lelization on runtime information at compile-time. Addition-
ally, because of the structured way a LACOS-graph is formed,
loop sections can be reformed directly to different parallel
frameworks, e.g. to the pthread-model exploiting TLP in the
code, creating a CUDA kernel by writing the calculation of the
CB as a kernel, or using the MPI-protocol to implement the
minimal amount of data transfers into explicit communication
patterns. This is shown with the following example.

4.2 Application of LACOS to the two-dimensional
heat equation

The two-dimensional diffusion equation:

ou 8%u  8%u
af‘"(gzﬁazy)zo ™

can be discretized on a mesh with dimensions 7, and n,.
The temporal evolution can be computed iteratively [30, 31].
The factor o summarizes physical properties and u defines
the field to compute. The focus of this chapter lies on the cor-
responding nested loop-section in the code when calculating
the two-dimensional heat equation, demonstrated in python
code notation:

for k = range (0,

for j = range(l,
for i = range(l, nx, dy):
ulk+1l,1i, jl=gammax (ulk, i+1, j]
+ulk,i-1,jl+ulk,i, 3+1]
+ulk,i,j-11-4*ulk,i,Jl)+ulk,i, jl

tk, 1):
ny, dx):

There are five read-write pairs regarding the distance vectors
on the array, which enable the extraction of CBs, as shown
in Figure 12b. This Figure corresponds to the stencil illus-
trated in Figure 12a. Each array access can be expressed with
indices: the loop variables i, j, k, as well as the mesh / array
dimensions n, and n,:

lijk = uli][j][k] = (i) +n- (j"‘ny k) 3
Each write-to-read pair Arw in the loop creates a potential
transfer, as was indicated in the simple loop example in Figure
9b. For each pair, an index-distance Arw =t jre ;. j k —tread i j k
can be computed using the array accesses to build up indexes:
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t, ulk, l—l—l Jjl

Iy ulk,i—1,]]

te | _ u[k,l,]—l— 1]

tq - M[k,l,] 1] (9)
te I:k’l7-1:|

ty u[k+ 1,i,j]

to compute the discretized equation (10) for the PDE shown
in equation (7) for each mesh node:

tr=Y({ta+tp+tc+ta—4-1.)+1, (10)

(a) (b)
tf @stencil B t

te
P 2->1 tq
c
o= - -l % P
, e
———— @ ta@stencil A
/ ’

Nx

gamma'(ta«tbﬂcﬂd-A to)+ 19 tf

Figure 12. . (a) Stencil (geometrical arrangement of nodes in
a mesh related to point of interest - in this case ¢/) for
computing the discretized diffusion equation and
loop-internal transfer between ¢y — t,. (b) five read and one
write dependencies, resulting in four potential transfers
between stencils

This results in a list of index-distance pairs, the distance
— . . . .
vector Arw, as a function of mesh dimensions, respectively
runtime variables:

tr—tq (ny-ny)—1
tr—1tp (ny-ny)+1
_> J
Arw= | tp—t. | = | (ne-ny)—nyg an
tr—tq (ny-ny) +nyg
tr—t, (nx-ny+0)

The index-distances represented by m can be utilized to rep-
resent the transfers with numerical values (2 — 1). This can
be used to determine the loop-internal transfers numerically,
see Figure 12a, where the loop-internal transfer for two sten-
cils is shown (ty @stencilB to t, @stencilA). Only for a small
mesh where n, = 5 and n, = 4, the loop-internal transfers
between six stencils can be illustrated defined by the index
distance vector Arw in equation (11), see Fig. 13. Following
the LACOS rules presented in section 2, each computation
block consists of one stencil. N

Following [13], the information of the Arw can also be
used to test which loop-depth exceeds any of the maximal

—
read-write distances that leads to max (Arw) = (ny-ny) £n,
by the direction vector. The number of iterations N; within
a parallelized step can be deduced from the loop definitions,

(lend )

e.g. for a for-loop N; = (Wp) , where i is the start index,

ieng the end index, and i) the step-width. The number of
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Figure 13. Potential loop-internal transfers for
LACOS-graph-nodes (1 node = 1 stencil) for the first two
temporal iterations of the (tk-loop)

iterations over the tk-loop is compared to the maximum of the
distance vector:

—
Ni(te) -Nj(ny) - Ni(ny) < max (Arw) (12)
In contrast to the N; and N;-loop-levels:
—
Nj(ny)-Ni(ny) < max (Arw) (13)

This enables determining if the tk-loop cannot be further de-
composed in the LACOS-graph, as the iterations exceed the

maximal read-write distance max (Arw) during compile-time.

This corresponds to the physical logic, that time cannot be
split up. However, the two inner-loops, over nx and ny, can be
distributed. The number of parallel LACOS-nodes is defined
by n = (ny —2)- (ny —2). The mesh with dimensions n, = 5
and n, = 4 is used to illustrate the effect of combining paral-
lel LACOS-nodes for the time model in equation (15). The
needed transfers 7' with granularity Gy visualized in a matrix
below, where © indicates no transfer:

2—-1 o 4-=1 o 1-=1

352 152 552 o 2—=2

2 © 2=3 63 © 3-=3
= 554 ) ) 1—-4 44 (14)

6—+4 4—5 ) 255 55

©) 546 ) 356 66

Each row of the matrix 7 contains the transfers for one
LACOS-node I'; and each column represents the index dif-
ference ty —t,4, ty —tp, ty —tc, ty —1q, ty —t.. To calculate
one tk-iteration, one has to compute equation (10) for each
element and up to four transfers occur for each LACOS-node,
respectively stencil (geometrical arrangement of nodes in a
mesh related to the point of interest - in this case #y), at least
for nodes not next to boundaries (nodes defining the outer
shape of the mesh). This enables to construct the time model
for the LACOS-graph with base granularity G assuming each
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transfer has a length of Gy:

2 Nop
3 Nop
tion =T -At, = ; A+ Z”P At (15)
op
3 op
2 Nop

With the granularity Gy, the LACOS-nodes could be run on
six units in parallel for this example of a very small grid.
Larger grids would have proportionally more LACOS-nodes.
The LACOS-nodes must be mapped if the computation has
to be split between fewer units, e.g. two units. Following the
approach described in section 4.1 to use the RAR dependen-
cies to select corresponding I'-nodes, Arws and Arwy from
equation (11) can be used to build groups of I'-nodes, reduc-
ing the transfers needed to a minimum. First, the transfers
can be evaluated numerically for each location. For location
1, merging (I'1,I'2,T3):

21 © 41 © 1-»1
352 1-»2 5—=2 © 252 =(3)
© 1»2 2-»3 63 3-»3

T, =

For location 2, merging (I'4,T'5,1°6):

5-»4 S O 1—=4 4-»4
64 4-»5 O 25 5»5 |=3) U7
O 56 © 3—-6 6»6

=

Combining the nodes results in the effect that computations
are aggregated to run on the same locality and transfers are
eliminated, reducing equation (15) to:

- (3 3-np
trun = ( 3 ) Att+( 3'7’lgp ) At,

This results in a higher granularity (more computational effort
in relation to communicational effort) with reduced transfers
and aggregated computations when running on two comput-
ing units. It is possible to retrieve a parallel code from the
LACOS graph by using the instructions in the I'-nodes to
write code sections and translating the transfer lines in the
graph into suitable transfer and communication models. A
Proof-of-Concept implementation successfully demonstrated
the fully automatic creation of an optimized code from the
LACOS-graph using a) OpenMP, b) the pthread-model, c)
a CUDA-kernel with necessary memory copies and d) the
MPI-protocol to represent the transfers as explicit commu-
nication between computing-nodes. In the following, the
focus is set on using multithreading with pthreads. There
are n| = (ny —2) - (ny —2) parallel I'-nodes to iterate over
the tk-loop-depth, leading to 7n0,, = #x — 1 loop iterations.
The n| parallel I'-nodes can be distributed evenly to a given
number of threads 7;j,.q45. Since every thread has the same

(18)



performance characteristics, it is a simple task to distribute
the I'-nodes evenly. For a multithreaded application, the trans-
fers can be interpreted as necessary barriers to guard the data
sharing, respectively prevent race conditions (wrong timing
of threads writing data, which can lead to false results) be-
tween the threads. Each thread will take care of a subset
of the parallel I'-nodes: nx_sub, ny_sub. Determining these
sub-grids is only an analytical step by dividing the number of
n) parallel I'-nodes by neads- This results in the following
pseudo-code-notation:

thread () {
for tk {
for nx_sub {
for ny_sub {
ulk+1l,1i, jl=gammax (uold[k] [i+1][F]+
uold[k] [i-1][j]+uold[k] [i] [j+1]+
uold[k] [1][J-1]-4*uold[k][1][J])+
uold[k] [1][]]
pthread_barrier ()
uold = u
}rh}
main () {
for (nthreads) ({
pcreate (thread() )}
for (nunits) {
pjoin() }
}
To test the implementation, the parallel code was run on an
Intel®Xeon®CPU E5-2680 V3 with 2.50GHz with 32GB
RAM running a ubuntu 22.04.2. The increase in speed for
two exemplary meshes are visible in Figure 14.

8 ? —e— ideal
—e— meshA
7 meshB

1 2450 (]
23587
5767

24166
0 5 10 15 20 25
Nthreads

Figure 14. Speed-up for two different meshes:

1| mesha = 17'464 with n, = 150 and n, = 120,

1| mesh = 3'264 with n, = 70 and ny = 50. The numbers
indicate the measured runtime of the parallel computations in
ms using [19]

Additionally, the LACOS-graph can be used to estimate

an optimal number of threads to reach an optimal acceleration.

Latency Optimized Code Segmentation — 13/17

This can be achieved by estimating the ratio between the com-
putational effort and the latency to retrieve data on a specific
hardware as a function of 7;peq45- It should be emphasized
that this is only an approximation, as many factors influence
the data access pattern on a modern multicore CPU. Never-
theless, the LACOS-graph contains information about data
locality by using the size information used by each I'-node.
The computing performance is therefore approximated by an
average IPC value. The latency characteristics for the differ-
ent data access latency to the corresponding L-caches can be
found in Table 1.

Table 1. Intel®Xeon®CPU E5-2680 v3 data locality and
latency characteristics [29], IPC by ’perf’

L3-cache/chip L2-cache/chip L1-cache/chip

30MiB 256KiB 32KiB
2.1-1078ns 4.8-10%ns 1.6-10%ns
Cyde'time IPC S, cachelinelength

3.10-10%ns 1.2 64B

The data size per node can be approximated with:

)

Scompure,unit = 'Sfloat ‘Ndata, (19)

Nthreads

Sti0ar = 8 byte are used for one data-point and each I'-node
had n44, 1 = 5 data points. The computational effort is esti-
mated with:

"

“Ngp - IPC (20)

tcomthte,unit ~
Nthreads
Where n,, = 10 is used to approximate the number of oper-
ations needed to compute equation 10. The IPC factor can
be found in Table 1. To estimate the latency depending on
the amount of data accesses and data sharing, the following
relation is used:

~ Scompute,unit
Laccessunit = S

: Ataccess + trans fer: Atshare (21)
cachelinelength
The data access times Af,qc.ss can only be approximated by
computing the data size per unit with equation (20) and the
corresponding values in Table 1. On the platform used, data
sharing was possible by L3-caches, therefore the latency to
access the L3-cache was used to calculate Atg,,.. The number
of mesh nodes that have to be exchanged between the different
threads is 7;qnsfer. This enables a rough estimation of the
difference between computing time and data access latencies
for different meshes:

Dlalency (nthreads) ~ tcompute,unit - taccess,unit (22)
Figure 15 shows the difference between the approximated
access and the computation time given by equation (22). For



mesh A, the data per thread fits in L2-caches and with only
Nehreads = 24, the data fits in the L1-caches with a capacity of
32KiB, see Table 1. For the smaller mesh B, the data sizes
from equation (19) indicate for 7yj,qqs < 4 L2-cache accesses.
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Figure 15. Difference in latency according equation (22) for
the different meshes in Fig. 14

Using equation (21), we conclude that a maximal speed-

up can be reached with 7,445 = 16 threads for mesh A. At
this number of threads, the computational acceleration starts
to be limited by the latency to access and share data. The
calculations for mesh B show an optimal speed-up at around
Nyhreads = 4 threads. This corresponds well with the measured
values in Fig. 14.
LACOS can be applied without unrolling the three-time nested
loop to compute the finite differences for array u. This en-
ables the retrieval of the LACOS-graph as a function of the
runtime variables nx, ny and tk during static code analysis.
All information needed can be optained from the code, either
from an intermediate representation of a compiler or from
a specific programming language. A parallel code can be
derived from the LACOS-graph adapted to a target platform
fully automated. Different PoCs demonstrated the successful
application to different frameworks like OpenMP, pthreads,
CUDA and the MPI-protocol. By approximating Djgsency With
equation (22), the optimal number of threads could be approx-
imated during compile time based on the measured platform
characteristics in Table 1.

Conclusion

LACOS is a novel technique for segmenting code in a more
fine-grained and more suitable way than Basic Blocks to ex-
ploit parallelism. The technique uses the RAR dependencies
that have not been exploited until now to segment code into
computation blocks. LACOS introduces potential transfers
between each of the blocks., which are then ordered. Paral-
lelization opportunities can then be realized by using numeri-
cal methods to map the segments to a given number of parallel
units. In a graph, the blocks can be visualized as nodes and
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the transfers can be seen as connecting lines between the
nodes. Thus, each node represents a set of arbitrary sequen-
tial instructions and the connecting lines potential transfers
between the nodes. In this form, the code becomes a continu-
ous series of compute and transfer segments for differentiable
paths. Each path represents the computation and communi-
cation pattern for a potential separate unit, where units can
be ALUs, threads, cores or nodes in a cluster. Platform spe-
cific parallel code can then be extracted using appropriate
frameworks to represent the transfers in the graph, e.g. with
pthread or the MPI-protocol. Furthermore, the parallel nodes
can be combined to tasks with a fixed target granularity. This
enables the mapping of the graph to the characteristics of a
platform to compute and transfer or communicate data. It also
simplifies the scheduling of tasks, as each task has the same
granularity. For symmetrical platforms, in this context mean-
ing platforms consisting of units with the same computational
performance and same data transfer latencies between them,
LACOS simplifies - at least for our test cases - the mapping
of the segments with an analytical step. For three applications
to known (complex) problems, the segmentation can be used
to generate parallel code and estimate an optimal number of
parallel units with only two platform specific properties: IPC
and context-switchtime, respectively data-access latencies.

The article shows preliminary results for a novel method
to segment code including RAR dependencies. For the well-
known recursive computation of the Fibonacci sequence, a
speed-up of 3.5 could be reached. For the three-times nested
loop-section to calculate the discretized 2d diffusion equation,
which is not automatically parallelizable by any known com-
piler, a speed-up of up to 4.5 could be reached. All speed-ups
are directly and automatically caused by the fully automati-
cally LACOS-method and do not require any annotation to
the code nor any interaction with a developer. The approach
could enable reaching new limits in automatic parallelization
of code during compile-time. The work-principle of LACOS
can be implemented as a generic method, e.g. as an exten-
sion for existing compilers or as a core for an expert system
supporting developers to parallelize their codes. LACOS can
improve the functionality for compilers and be utilized in
cases where compilers cannot be used - e.g. for interpreted
languages.

LACOS can save time during development and opens new
doors to improve the capabilities of state-of-the-art compilers
to auto parallelize code. The available PoCs demonstrated
show promising results, but further studies are necessary to
test and benchmark LACOS with more applications and plat-
forms to investigate the new limits reachable in automatic
parallelization using RAR dependencies.
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