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(57) Abstract: A computer-implemented method includes initializing a first processing unit (71) of a het-
erogeneous computing system with a first compute kernel (140-144) and a second processing unit (72) of
the heterogeneous computing system with a second compute kernel (150-154). Both the first compute kernel
(140-144) and the second compute kernel (150- 54) are configured to perform a numerical operation derived
from a program segment (220) configured to receive a first data structure (A) storing multiple elements of a
common data type. The program segment (220) includes a function meta information including data related
to a size of an output of the numerical operation, a structure of the output, and/or an effort for generating the
output. The function meta information and a data meta information of a runtime instance (A1) of the first
data structure (A) are used to determine first expected costs of executing the first kernel (140-144) on the
first processing unit (71) to perform the numerical operation with the runtime instance (A1) and to determine
second expected costs of executing the second kernel (150-154) on the second processing unit (72) to perform
the numerical operation with the runtime instance (A1). The data meta information includes at least one of a
runtime size information of the runtime instance (A1), a runtime location information of the runtime instance
(A1), a runtime synchronization information of the runtime instance (A1) and a runtime type information of
the runtime instance (A1). The method further includes one of executing the first compute kernel (140-144)
on the first processing unit (71) to perform the numerical operation on the runtime instance (A1) if the first
expected costs are lower than or equal to the second expected costs, and executing the second compute kernel
(150-154) on the second processing unit (72) to perform the numerical operation on the runtime instance (A1)
if the first expected costs are higher than the second expected costs.
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A COMPUTER-IMPLEMENTED METHOD, A COMPUTER-READABLE MEDIUM AND A
HETEROGENEOUS COMPUTING SYSTEM

TECHNICAL FIELD

[0001] Embodiments of the present invention relate to computer-implemented methods,
in particular to computer-implemented methods for executing numerical algorithms on
heterogeneous computing systems, a heterogeneous computing system and a computer-
readable media.

BACKGROUND

[0002] High demand exists for efficient utilization of heterogeneous computing
resources, in particular in the field of numerics and for data analysis. This involves the task
of parallelizing programs which is often tedious, cost intensive and requires significant
knowledge of low level computer architectures and programming technologies related

thereto.

[0003] The starting point has traditionally been the common set of general purpose
programming languages (GPL), such as C/C++, C#, FORTRAN, Pascal and Java. Such
languages generally work on a low granularity of data, dealing with scalar data as basic data
elements and arbitrary control instructions. While compiler technology has been successfully
improved for single processor execution, compilation of (GPL) programs for heterogeneous

computing systems remains challenging.

[0004] For example, the compiler has to make certain decisions: which processing units
to target, how to instruct the processing units to process the data and how to provide the
data to the processing units. Challenges include the broad diversity of (rapidly changing)
computing hardware, the complexity of arbitrary GPL language elements and instruction
graphs, the dynamic nature of the data to be processed, and the times when all constraining
information become eventually available. Further, the compiler often requires significant
decision making support from the programmer. As a result, the parallelization potential of
many software programs, e.g. most GPL based programs is typically only partly accessible
and efficiently transformable to heterogeneous systems, respectively. Further, due to the
overhead introduced, the so far used automated parallelization approaches may only be

worth for relatively large data sizes and large code segments, respectively.

[0005] Thus, existing systems follow a “top-down” approach by attempting to distribute

parts of a larger program to accelerating devices for faster computation, and trying to
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maximize those parts. The spectrum of challenges includes the complexity (size of
parameter space) of potential execution paths, the variation of the data, and the complexity

(diversity, unpredictability) of the system state during execution.

[0006] Accordingly, there is a need to improve parallelization of software programs for

heterogeneous computing architectures.

SUMMARY

[0007] According to an embodiment of a computer-implemented method the method
includes initializing a first processing unit of a heterogeneous computing system with a first
compute kernel and a second processing unit of the heterogeneous computing system with
a second compute kernel. Both the first compute kernel and the second compute kernel are
configured to perform a numerical operation derived from a program segment which is
configured to receive a first data structure storing multiple elements of a common data type.
The program segment includes a function meta information including data related to a size of
an output of the numerical operation, a structure of the output, and/or an effort for generating
the output. The function meta information and a data meta information of a runtime instance
of the first data structure are used to calculate first expected costs of executing the first
kernel on the first processing unit to perform the numerical operation with the runtime
instance and to calculate second expected costs of executing the second kernel on the
second processing unit to perform the numerical operation with the runtime instance. The
data meta information includes a runtime size information of the runtime instance and a
runtime location information of the runtime instance. The method further includes one of
executing the first compute kernel on the first processing unit to perform the numerical
operation on the runtime instance if the first expected costs are lower than or equal to the
second expected costs, and executing the second compute kernel with the second
processing unit to perform the numerical operation with the runtime instance if the first
expected costs are higher than the second expected costs. The data meta information may
further include a runtime synchronization information of the runtime instance and/or a

runtime type information of the runtime instance.

[0008] In the context of the present specification, the term "processing unit" intends to
describe a hardware device, in particular a processor, which is capable to perform
operations and/or calculations according to instructions typically stored in a unit specific

compute kernel.
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[0009] The processing unit may be a single core CPU (central processing unit), a
multicore CPU, a CPU with vector extension (such as SSE/AVX), a GPU (graphics
processing unit), a CPU integrating at least one GPU, a coprocessor supporting numerical
computations, SIMD accelerator (single instruction, multiple data accelerator), a
microcontroller, a microprocessor such as a DSP (digital signal processor), and an FPGA
(field-programmable gate array) or a combination of one or more of those devices typically

forming a so-called virtual processor.

[0010] In the context of the present specification, the term "effort for generating the
output” intends to describe a numerical effort (purely computational costs) for generating the
output. The respective function meta information may include a numerical effort factor or
even several numerical effort factors. Prior to runtime, the function meta information may be
updated in accordance with hardware properties (properties of the processing units). In the
context of the present specification, the term "expected costs" intends to describe expected
overall costs for performing the numerical operation with a runtime instance on a given
processing unit at runtime. The expected costs typically refer to computational costs on the
given processing unit at runtime and may include transfer costs (when the processing unit
has not yet access to the runtime instance). The expected costs may be calculated using the
function meta information, e.g. the numerical effort factor(s), and the data meta information,
in particular a runtime size information of the runtime instance and a runtime location
information of the runtime instance. In the context of the present specification, the term
"compute kernel" intends to describe compiled software code which is capable of performing
a specific numerical operation with a runtime instance of a data structure capable of storing

multiple elements of a common data type when executed by a processing unit.

[0011] The first data structure and/or the runtime instance of the first data structure may
be capable to store a variable number of the respective common data type such as integer,

float, complex and the like.

[0012] The first data structure and/or the runtime instance of the first data structure are

typically n-dimensional rectilinear data structures.

[0013] The first data structure and/or the runtime instance of the first data structure may
be a collection (in the sense of the .NET framework), a vector, an array, a list, a queue, a
stack, a graph, a tree or a pointer to such a structure. For reasons of simplicity, the data
structure is assumed to represent a multidimensional array (a vector, a matrix or higher
dimensional mathematical data), and the numerical operation is assumed to be an array

operation in the detailed description if not stated otherwise. In the following the terms
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rectilinear array and matrix are used synonymously. Rectilinear arrays are often used in
scientific or technical algorithms. For example, the pixel elements of a display screen or a
camera image sensor arranged in rows and columns, respectively, may be stored in a

corresponding 2D/ or 3D-rectilinear array.

[0014] Typically, the runtime instance of the first data structure stores data representing
technical information in various stages of completion being processed throughout the
program, such as measurement data, images, sound data, simulation data, control data,

state data, and so forth, as well as intermediate results.

[0015] Since the costs are determined at runtime prior to executing the numerical
operation (e.g. immediately before executing the numerical operation) and taking into
account both the function meta data (function meta information) and the data meta
information of the runtime instance of the first data structure, the numerical operation can be
executed by the processing unit which is at the particular (runtime) configuration best suited
for this purpose. Compared to other approaches this can be achieved with lower overhead.
As a result, the heterogeneous computing system can handle data structures of different

size (on average) more efficiently compared to other approaches.

[0016] For example, the costs of performing the numeric operation of calculating the
sum of the square of all elements of a matrix A, sum(A”*2), can be expressed as a function of
the size of A. If the statement is to be executed multiple times, individual invocations may
associate individual sizes of A. Typically, the operation sum(A”2) is efficiently performed on
a GPU if A is sufficiently large, in particular for element types supported on the GPU.
However, if A contains only a few or even only a single element, a CPU may be better
suited, in particular if the CPU but not the GPU has already direct access to or even stores

the matrix A at the time the operation is about to be performed.

[0017] Thus, the expected costs typically depend on the numeric operation, the size of
the runtime instance, the storage place of the runtime instance of the data structure and the

(computational) properties of the available processing units (CPU, GPU,....).

[0018] For this reason, traditional compilers fail to take into account all of: the broad
diversity of hardware available at runtime (CPUs, multicore CPUs, CPU vector extensions,
SIMD accelerators, GPU devices, FPGA, DSP, multiple memory models), the complexity of
general purpose languages and instruction graphs, the dynamic nature of the data to be
processed (data sizes and locations change between multiple calls of the same code

segment). The times when all constraining information becomes eventually available make
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significant runtime support obligatory. Both, static compilation and dynamic compilation (at
runtime) will add a huge overhead to the actual numerical operation. This tends to make the
resulting program inefficient (slow) for comparatively small input data or even mid-sized input

data, and thus for input data of varying size and/or structure.

[0019] Likewise, traditionally compiling special languages used in technical computing
(domain specific languages, DSLs) which enable the formulation of numerical algorithms
based on n-dimensional array structures such as Mathworks” MATLAB, ILNumerics and
NumPy tend to show good execution performance only for sufficiently large input data. The
burden of manually assigning (sufficiently large) program parts to execution units is however
delegated to the programmer at development time. Obviously, this approach is neither able
to adopt to processing hardware changes (without adopting the program) nor to efficiently
utilize heterogeneous computing resources for small program segments and for varying

(small) input data sizes.

[0020] Different thereto, the approach described herein, allows to perform the desired
actions (in particular collecting information and making decisions) at particularly opportune
times, namely at compile time, at start-up time and at runtime. The decision about the
execution path is particularly made, such as only made, at runtime and thus at a time when
all desired information is available both for the runtime instance of the data structure(s) and
for the hardware (processing units)/current hardware load. This allows reducing the
overhead and automatically adopting to a broad variety of data sizes and hardware

configurations.

[0021] Further, a time consuming simulation (typically several hours) for determining
execution times for a given numerical operation on a given hardware with different trial data
falling into different size classes is, prior to deciding at runtime for an execution path based
on the size class of the workload data, not required. While such an approach may be
efficient for some large data and some small (complexity) algorithms, it cannot guarantee the
best execution path as the (multi-dimensional) size-grading has to be course to avoid even
longer simulation times. Further, this approach can neither take into account the hardware
load nor the actual storage locations of the workload data at runtime. Even further, a
complete new simulation is typically required in this approach if a user amends the program

code or the processing hardware is changed.

[0022] Contrary to this and other approaches, the approach described herein is also able
to scale up to algorithms of any complexity or even whole programs. No a-priori simulation or

optimization pass is required for anticipating the optimal execution path for several
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subsequent program segments at runtime and for the runtime data. While such a-priori
simulation or optimization is commonly very time and/or energy consuming the quality of
solutions (execution path configurations) found this way is limited. On the one hand, the
number of subsequent segments has to be kept small for simulation / optimization (for a
reasonably small size of the parameter space) which leads to coarse-grained segmentation
and/or limits the overall program size. On the other hand, a fine-grained segmentation is
often required for reacting to changed execution paths due to changed workload data
values. Furthermore, a solution found by optimization typically marks only a local minimum.
In order to find the optimal execution path (global optimum) for an algorithm on a
heterogeneous computing system, all depending parameters are to be considered, including

the actual workload data. Therefore, global optimization is often not feasible.

[0023] The methods and systems described herein are based on a bottom-up approach:
starting with base numerical operations as fundamental building blocks of more complex
algorithms, the best execution options are evaluated directly at runtime. Here, the granularity
of both the data and the instructions plays an important role and is taken into account for

best execution performance.

[0024] In particular, the entangled system “processor and instruction” is unbound and
replaced by functions (instructions), which are capable of handling arrays instead of scalar
data, are abstract, i.e. not assigned to a concrete processor, and are able to provide cost
relevant information (function meta data) ahead of their execution. The focus on a single,

main processor is replaced with the entirety of suitable execution devices.

[0025] The complexity of functions/instructions is increased by the ability to process
dynamic data sizes as well as the ability to inform in advance about associated costs. The
assignment of the workload (array functions/instructions + dynamic data) to the best suited
processing unit(s)/device(s) takes place at runtime, typically immediately before the

execution and can thus take into account the current overall state of the system.

[0026] Accordingly, small input data, mid-sized input data, and large input data can be
efficiently handled by the respective most suited execution unit with little overhead by one

single compiled representation of the program segment.

[0027] For example, a user generated program code may be parsed to identify program
segments with respective (known) numerical operations in the program code at compile
time. Further, function meta information of the respective numerical operation may be

determined and a respective runtime segment including a respective first compute kernel, a
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respective second compute kernel, and the respective function meta information may be

formed at compile time.

[0028] The program code may include several typically subsequent program segments

forming a program sequence.

[0029] The term "sequence" as used in this specification intends to describe a user

program or a section of the user program comprising program segments.

[0030] The term "program segment" as used in this specification intends to describe
software code referring to instructions typically on the abstract level for handling input and/or
output arguments of one or more data structures capable of storing multiple elements of
respective common data type. The "program segment” may include simple language entities
such as array functions, -statements, -operators and/or combinations thereof which are
identifiable by a compiler. For example, the expression ‘sin(A) + linsolve(B + 3*cos(A))’, with
matrices A and B, may be a segment. Alternatively, ‘sin(A)’ and ‘linsolve(B + 3*cos(A)) may

be respective segments.

[0031] The term "runtime segment" as used in this specification intends to describe a
compiled representation of a program segment. The compiled representation is executable
on a heterogeneous computing system and typically includes respective compute kernels for
each processing unit of the heterogeneous computing system and control code for
calculating the expected cost for runtime instances of the data structure(s) and for selecting
a processing unit for executing its compute kernel and/or for distributing the workload over
two or more processing units using the expected costs. Additionally, further information such
as current workload of the processing unit and/or locality of data may be taken into account

for selecting the processing unit and/or for distributing the workload.

[0032] Runtime segments may be created, merged and/or revised or even optimized by

the compiler and instantiated and updated at runtime.

[0033] Function meta data (function meta information) are typically stored in the runtime
segment. Often, function meta information are stored with and maybe derived from program
segments. The compiler may update and maintain the information when segments are
merged, revised and/or optimized and when concrete device capabilities are known at

runtime.

[0034] The numerical operations in the program code may correspond to items of a

reduced set of computing instructions for data structures storing multiple elements of a
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common data type. This may facilitate efficient generating and/or executing of compute

kernels and/or function meta information.

[0035] However, the program code may also include intermediate portions without
numerical operations identifiable by the compiler. These portions may be handled in a

traditional way.

[0036] The program segments may first be translated into an intermediate
representation, in particular a byte code representation or into a respective representation
facilitating the execution on the processing units, e.g. using a compiler infrastructure such as
LLVM (Low Level Virtual Machine) or Roslyn.

[0037] Later, i.e. at startup time on the particular heterogeneous computing system, the
intermediate representations may be compiled into directly executable compute kernels

comprising byte code and/or machine instructions.

[0038] At startup time, suitable processing units of the particular heterogeneous
computing system may be determined, and the runtime segments may be updated in
accordance with the determined processing units. This may include updating the compute
kernels, the intermediate representation of the compute kernels and/or the function meta
information. For example, a CPU kernel template and a GPU kernel template may be
updated in accordance with properties of the actual devices. More particularly, numerical
effort factors in the function meta information and/or lengths and/or types of vector data
types in the intermediate representation of the compute kernels for executing a specific

numerical operation on the actual processing units may be updated in the templates.

[0039] Further, the processing units may be initialized with the respective compute

kernels.

[0040] After initializing, the function meta information and the data meta information of
runtime instances of data structures are used to determine at runtime respective expected

costs of executing the compute kernels on the respective processing units.

[0041] In one embodiment, a lazy execution scheme may be implemented. This involves
delaying potentially time consuming initialization tasks to the time when the result of the
initialization is required for execution for the first time. For example, the computing kernels of
a specific runtime segment for a specific processing unit may be allocated and initialized on
the processing unit only once it was decided for the corresponding runtime segment to

execute the corresponding compute kernel on the corresponding processing unit.
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[0042] Typically, both computational costs and transfer costs (referring to possible cost
related to a transfer of the runtime instance to another processing unit) are taken into

account for determining the expected costs.

[0043] Furthermore, a polynomial cost function may be used for determining the

expected costs.

[0044] In particular, a bi-linear cost function has been found to be suitable for
determining the expected costs in many cases. Many simple numerical operations have a
numerical effort (computational costs) which depends only or substantially on the number of
stored elements, such as calculating a function result for all elements individually.
Accordingly, the number of elements may simply be multiplied with a respective numerical
effort factor representing the parallel compute capabilities of the processing unit to calculate
expected computational costs. Likewise, expected transfer costs may be calculated by
multiplying the number of elements to be copied with a transfer factor (or zero if the
processing unit has direct access to the stored elements) and added to the expected
computational costs to calculate the expected (total) costs for performing the respective
numerical operation under the current circumstances on each of the suitable processing

units.

[0045] For more complex numerical operations, such as inverting a matrix, calculating
matrix-vector products, solving a system of equations or determining eigenvalues and/or
eigenvectors of a matrix (eig), calculating the fast fourier transformation (fft) of a matrix, the
expected computational costs may also depend on the size of the output of the numerical
operation, the structure or shape of the output or a value, the structure and/or the shape of
the runtime instance of the input. For example, different numerical algorithms may be used
depending on properties of the input data (sparse matrix vs. dense matrix, single vs. double
floating point precision, matrix symmetry, size etc.) As explained below in more detalil,
information related to the output of the numerical operation may be derived by a compiler

from meta data of the program segment.

[0046] This approach overcomes limitations of previously used approaches of execution

cost determination.

[0047] For example, using the number and type of executable instructions in an
intermediate representation or in the binary / object code ready for execution on a platform/
processing unit as a measure for ‘cost’ is especially challenging because this needs to take

into account the program flow in the program segment. Especially when the segment
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includes conditional directives (which is often the case when looping constructs are involved)
an exact analysis is at least tedious and thus expensive. Furthermore, if the value of such
conditionals is dynamically dependent on the input data sizes handled by the program
segment this analysis has to be performed at runtime when such data sizes are known. The
problem increases by the fact that most attempts try to deal with dynamic segment sizes,
acquired from merging varying numbers of instructions for better efficiency. Each merged
segment has again to be compiled with the specific compiler for each target platform which -

again — must be performed at runtime.

[0048] Even further, if the actual time needed to execute a program segment is used as
a measure of ‘cost’, a great overhead for deciding where to execute the code is required.
Further, a large number of runs with differently sized and/or shaped input data may be
required in order to derive a reliable cost model. For example, both the dimension of an input
array and the length of the array in each dimension as well as the data type of the elements
may have to be varied on the processing units to allow constructing a reliable cost model for
the actual computation. Accordingly, this approach is inherently inefficient when performed

dynamically for small input data sizes.

[0049] The program segments may be further configured to receive a second data
structure capable of storing multiple elements of the common data type or another common

data type.

[0050] For example, a program segment for calculating a matrix-vector product may be
configured to receive a matrix and a vector. Likewise, a program segment for adding two

matrices may be configured to receive two matrices.

[0051] According to an embodiment of a computer-readable medium the computer-
readable medium includes instructions which, when executed by a computer comprising a
first processing unit and a second processing unit cause the computer to carry out the

method as described herein.

[0052] The computer is typically a heterogeneous computer having two (i.e. the first and
second processing units) different processing units such as a CPU and a GPU or more
different processing units. Typically, the different processing units are different to each other
with respect to computational properties and/or capabilities, typically resulting from different
physical properties. However, two different processing units may also have the same
computational properties and/or capabilities but are differently utilized (have a different

workload) at the time when a program segment is to be executed.

10
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[0053] The computer-readable medium is typically a non-transitory storage medium.

[0054] According to an embodiment of a heterogeneous computing system the
heterogeneous computing system includes at least two different processing units and a
memory storing a runtime segment of a program segment configured to receive a first data
structure capable to store multiple elements of a common data type. The program segment
includes, provides and/or allows determining (by a compiler) a function meta information
including data related to a size of an output of a numerical operation of the program
segment, a structure of the output, and/or a numerical effort for generating the output. Each
of the at least two different processing units has access to and/or forms at least a part of the
memory storing a respective compute kernel of the runtime segment for each of the at least
two processing units. Each compute kernel implements the numerical operation. The runtime
segment includes or refers to executable code for determining a data meta information of a
runtime instance of the first data structure. The data meta information includes at least one
of a runtime size information of the runtime instance, a runtime location information of the
runtime instance, a runtime synchronization information of the runtime instance and a
runtime type information of the runtime instance. The runtime segment further includes or
refers to executable code which is configured to use the function meta information and the
data meta information to calculate for each of the at least two processing units respective
expected costs of executing the respective compute kernel to perform the numerical
operation with the runtime instance. The runtime segment further includes or refers to
executable code for selecting one of the at least two different processing units for executing
the respective compute kernel so that the determined expected costs of the selected one of
the at least two processing units corresponds to a lowest value of the determined expected

costs.
[0055] A sequence of runtime segments may be stored in the memory.

[0056] The executable code for calculating the expected cost and the executable code
for selecting the one of the at least two different processing units may be included in a

control kernel of the runtime segment.

[0057] Typically, the heterogeneous computing system includes a base processor that
may form a processing unit and is coupled with a first processing unit and a second
processing unit of the at least two processing units. The base processor is typically
configured to perform control functions, in particular to determining properties of the
processing units, to determine processing units of the heterogeneous computing system

which are suitable for performing the numerical operation, to update the function meta

11
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information in accordance with the determined properties of the processing units such as
number and/or computational properties of cores of a CPU and shaders of a GPU, to load
the respective compute kernels to the processing units, to (numerically) determine the
expected cost (at runtime), to select the (desired) processing unit based on the determined
expected costs, and/or to initiate executing the respective kernel on the selected processing

unit.

[0058] For example, the base processor may host and execute a control kernel. In the
following, the base processor is also referred to as control processor. In other embodiments,
one, more or even all of the control functions may be performed by one of the processing
units. The control functions may also be distributed among the processing units and the
base processor. For example, the control kernel may have sub-kernels running on different

hardware units.

[0059] Furthermore, the base processor may be one of the processing units and act as
one of the processing units, respectively, even if the computational power is low compared
to the (other) processing units of the heterogeneous computing system. For example, the
base processor may perform the numerical operation when the number of elements stored in

the runtime instance of the (first) data structure is comparatively low.

[0060] Each of the processing units may be formed by a single core CPU (central
processing unit), a multicore CPU, a CPU with vector extension (such as SSE/AVX), a GPU
(graphics processing unit), a CPU integrating at least one GPU, a coprocessor supporting
numerical computations, a SIMD accelerator (single instruction multiple data accelerator), a
microprocessor, a microcontroller such as a DSP (digital signal processor), and an FPGA
(field-programmable gate array) or by a combination of one or more of those devices

typically forming a so-called virtual processor.

[0061] The heterogeneous computing system is typically a heterogeneous computer

including a host controller having a host processor typically forming the base processor.

[0062] In one example, the heterogeneous computer further includes a CPU and one or

more GPUs each forming a respective processing unit.

[0063] The heterogeneous computing system may also be a workstation, i.e. a computer
specially designed for technical, medical and/or scientific applications and/or for numeric
and/or array-intensive computations. For example, the workstation may be used to analyze
measured data, simulated data and/or images, in particular simulation results, scientific data,

scientific images and/or medical images.

12
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[0064] The heterogeneous computing system may however also be implemented as grid
or cloud computing system with several interconnected nodes each acting as a processing

unit, or even as an embedded computing system.

[0065] Those skilled in the art will recognize additional features and advantages upon

reading the following detailed description, and upon viewing the accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

[0066] The components in the figures are not necessarily to scale, instead emphasis is
placed upon illustrating the principles of the invention. Moreover, in the figures, like

reference numerals designate corresponding parts. In the drawings:

[0067] Figure 1 illustrates a computer-implemented method according to an

embodiment;

[0068] Figure 2 illustrates a computer-implemented method according to an

embodiment;
[0069] Figure 3 illustrates a computer-implemented method according to embodiments;

[0070] Figure 4 illustrates method steps of a computer-implemented method and a

heterogeneous computing system according to an embodiment;

[0071] Figure 5 illustrates method steps of a computer-implemented method according

to embodiments;

[0072] Figure 6 illustrates method steps of a computer-implemented method according

to embodiments;

[0073] Figure 7 illustrates method steps of a computer-implemented method according

to an embodiment;

[0074] Figure 8 illustrates method steps of a computer-implemented method according

to an embodiment;

[0075] Figure 9 illustrates method steps of a computer-implemented method according

to an embodiment; and

[0076] Figure 10 illustrates method steps of a computer-implemented method according

to an embodiment.
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DETAILED DESCRIPTION

[0077] In the following Detailed Description, reference is made to the accompanying
drawings, which form a part hereof, and in which is shown by way of illustration specific
embodiments in which the invention may be practiced. In this regard, directional terminology,
such as "top," "bottom," "front," "back," "leading," "trailing," etc., is used with reference to the
orientation of the Figure(s) being described. Because components of embodiments can be
positioned in a number of different orientations, the directional terminology is used for
purposes of illustration and is in no way limiting. It is to be understood that other
embodiments may be utilized and structural or logical changes may be made without
departing from the scope of the present invention. The following detailed description,
therefore, is not to be taken in a limiting sense, and the scope of the present invention is

defined by the appended claims.

[0078] Reference will now be made in detail to various embodiments, one or more
examples of which are illustrated in the figures. Each example is provided by way of
explanation and is not meant as a limitation of the invention. For example, features
illustrated or described as part of one embodiment can be used on or in conjunction with
other embodiments to yield yet a further embodiment. It is intended that the present
invention includes such modifications and variations. The examples are described using
specific language which should not be construed as limiting the scope of the appending
claims. The drawings are not scaled and are for illustrative purposes only. For clarity, the
same elements or manufacturing steps have been designated by the same references in the

different drawings if not stated otherwise.

[0079] With regard to Figure 1 method steps of a computer-implemented method 1000

are explained.

[0080] In a block 1300 of a start-up phase Il, processing units of a heterogeneous
computing system are initialized with respective compute kernels of a runtime segment
compiled from a (higher level) program segment configured to receive a first data structure
capable of storing multiple elements of a common data type. This may include copying the
compute kernel to a memory of the respective processing unit or a shared memory of the
heterogeneous computing system, and/or allocating the compute kernels on the respective

processing unit.

[0081] Each compute kernel may be configured to perform a numerical operation

derived from the program segment.

14



WO 2018/197695 PCT/EP2018/060932

[0082] The runtime segment typically includes or has access to a function meta
information including data related to and/or representing a size of an output of the numerical

operation, a structure of the output, and/or an effort for generating the output.

[0083] In a subsequent block 1500 of a runtime phase lll, the function meta information
and a data meta information of a runtime instance of the first data structure are used to
determine, typically to calculate respective expected costs of executing the compute kernels
on the processing units. The data meta information may include a runtime size information of
the runtime instance, a runtime (storage) location information of the runtime instance, and/or

a runtime type information of the runtime instance.

[0084] For this purpose, a runtime instance of the data structure stored in a memory of
one of the processing units or a shared memory of the heterogeneous computing system

may be accessed by the control code of the runtime segment.

[0085] In a subsequent block 1600 of the runtime phase lll, the expected costs may be
used to decide on which of the processing units the respective compute kernel is executed

to perform the numerical operation with the runtime instance.

[0086] Thereafter, the runtime instance may be copied to the processing unit selected

for execution if the selected processing unit has not yet access to the runtime instance.
[0087] Thereafter, the compute kernel may be executed on the selected processing unit.

[0088] With regard to Figure 2 method steps of a computer-implemented method 2000
are explained. Method 2000 is similar to the method 1000 explained above with regard to
Fig. 1.

[0089] As illustrated in Fig. 2, a compile phase | may be used prior to the start-up phase
[l for identifying program segments in a program code and to compile runtime segments for

the identified program segments in a block 2100.

[0090] Further, processing units which are suitable for performing the numerical
operation derived from the identified program segments are typically determined in a block
2200 of the start-up phase Il of method 2000.

[0091] In a subsequent block 2300 of the start-up phase I, the determined processing

units are initialized with respective compute kernels of the runtime segments.

15



WO 2018/197695 PCT/EP2018/060932

[0092] In a subsequent block 2400 of the runtime phase lll, data meta information of a
runtime instance of the first data structure are determined. This may include determining a
dimension of the first data structure, determining a number of stored elements in each of
dimensions of the first data structure, determining a number of stored elements in the first
data structure, determining the data type of the elements, determine a type information of
the runtime instance, and/or determining a runtime location information of the runtime

instance.

[0093] The latter may be facilitated if the runtime location information is stored within the

runtime instance of the first data structure.

[0094] In embodiments in which the numerical operation uses two or more data
structures as inputs, data meta information may be determined for all runtime instances in
block 2400.

[0095] In a subsequent block 2500, the function meta information and the data meta
information of the runtime instance(s) are used to determine respective expected costs of

executing the kernels on the processing units.

[0096] In a subsequent block 2600 of the runtime phase lll, the expected costs may be
used to select a processing unit for executing the respective kernel to perform the numerical

operation with the runtime instance(s).

[0097] Thereafter, the (respective) compute kernel may be executed on the selected

processing unit in a block 2700.

[0098] As indicated by the dashed arrow in Fig. 2, the blocks 2400 to 2700 may be

executed in a loop if several runtime segments are to be executed.
[0099] Optionally, out of order execution schemes may be implemented.

[00100] With regard to Figure 3 method steps of a computer-implemented method 3000
are explained. Method 3000 is similar to the method 2000 explained above with regard to
Fig. 2.

[00101] Method 3000 starts with a block 3110 for identifying a sequence with program
segments in a program code. For this purpose, a parser may be used to search for

numerical operations in the program code.
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[00102] In a subsequent block 3150, several subsequent runtime segments may be
created. Each runtime segment may be configured to receive one or more data structures
storing multiple elements of a respective common data type that may be the same or not.
Further, each runtime segment may include a respective function meta information
comprising data related to a size of one or more outputs of the numerical operation, a

structure or shape of the output(s), and/or an effort for generating the output(s).

[00103] In a subsequent block 3170 of compile phase I, each program segment may be
translated into an intermediate representation. This may be done using a compiler

infrastructure.

[00104] Each runtime segment may include the respective intermediate representation
and respective function meta information referring to a respective numerical operation to be

performed with the runtime instances of one or more data structures.

[00105] The intermediate representation may also be created from or using meta data

stored with or referring to the sequence or the corresponding program segments.

[00106] In a subsequent block 3200 of a start-up phase Il of method 3000, processing
units which are suitable for performing the numerical operation derived from the identified

program segments are typically determined.

[00107] In a subsequent block 3270 of the start-up phase Il, the intermediate
representations may be compiled into respective machine language representations
(compute kernels). This may be achieved using a Just-in-time-Compiler which may or may
not be specialized for the available corresponding processing unit and may facilitate better
customizing the machine language and/or the intermediated representation to the properties

of the available processing units.

[00108] In a subsequent block 3300 of the start-up phase Il, the determined processing

units are initialized with respective compute kernels formed in block 3270.

[00109] In a subsequent block 3400 of the runtime phase lll, data meta information of a

runtime instance(s) of data structure(s) may be determined.

[00110] In a subsequent block 3500, the function meta information and the data meta
information of the runtime instance(s) may be used to determine respective expected costs

of executing the kernels on the processing units.
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[00111] In a subsequent block 3600 of the runtime phase lll, the expected costs
determined in block 3500 may be used to select a processing unit for executing the

respective kernel to perform the numerical operation with the runtime instance(s).

[00112] Thereafter, the compute kernel may be executed on the selected processing unit
in a block 3700.

[00113] The dashed arrow in Fig. 3 indicates that the blocks 3400 to 3700 may be

executed in a loop if several runtime segments are to be executed.

[00114] In another embodiment, block 3600 is replaced by a block in which the expected
costs are used to distribute the workload of executing the compute kernel and the numerical
operation of the compute kernels, respectively, over at least two processing units which may
perform the respective numerical operations on respective portions of the runtime instance in

a replacement block for block 3700.

[00115] Figure 4 illustrates exemplary components of a heterogeneous computing system
implemented as a heterogeneous computer 70 and typical processes of executing a
sequence of runtime segments at a runtime phase Ill of a computer-implemented method
4000. Typically, a compile phase (l) and a start-up phase (l) similar as explained above with

regard to Fig. 1 to Fig. 3 precede the runtime phase Ill of method 4000.

[00116] In the exemplary embodiment, the heterogeneous computer 70 is equipped with

a CPU 71 also forming a main or host processor of a host controller 73 and a GPU 72.

[00117] A complex user program is partitioned into sequences which are segmented into
segments. The segments may be continuously lined up in the order derived from the

sequence.

[00118] In Figure 4, numerals are only provided for the subsequent runtime segments 30

to 34 which represent a continuous part of the original sequence.

[00119] In the startup phase (when the program starts executing) each processing unit
71, 72, 73 found to be capable of handling a sequence has been initialized for handling all
runtime segments 30 to 34 of the sequence. In the following, the processing units are also

referred to as devices (device 3, device 2, and device 1 respectively).

[00120] Therefore, respective compute kernels corresponding to the runtime segments

30-34 of the sequence were compiled and allocated on each device. Kernels 140 to 144
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were compiled for and allocated on the CPU 71. The compiled kernels 140 to 144 form an

executable representation 111 of the original sequence on the CPU.

[00121] Likewise, compute kernels 150 to 154 of the same runtime segments were
compiled and allocated on the GPU 72 and form an executable representation 112 of the

original sequence on the GPU 72.

[00122] In addition to this, scalar compute kernels 130 to 134 representing a scalar
version of the code of the segments may be prepared for each runtime segment. Scalar
compute kernels 130-134 mostly run on the CPU, using the same host language the
program was provided in. The scalar code kernels 130 to 134 form a representation 100 of
the original sequence on the CPU but are adapted, typically optimized for scalar input data
and/or sequential processing of — typically relatively small — instances of input data

structures.

[00123] Each of the runtime segments 30-34 may store a reference to the corresponding
compiled and allocated compute kernels 130 -154 — at least one for each of the determined

devices - which can be used to trigger its execution at any time.

[00124] At the end of the start-up phase all segments of a sequence may store one

reference to an executable version of the program segments for each device supported.

[00125] In the exemplary embodiment, each segment is able to execute its code in three
different ways with very low overhead: one version for scalar data (for device 1 and the host
controller 73, respectively), one array version for running on the CPU (71 and device 2) and

one version for running on the GPU (72 and device 3).

[00126] Each segment 30 - 31 may implement a control code 50 which is used to switch
the execution path at runtime to select one of the prepared execution paths. The execution

path is illustrated in Fig. 4 as thick dashed arrow.

[00127] The decision which path is to be used for execution is typically based on multiple
factors, like the data size, data shape, and data locality, the computational costs of the
segments’ individual execution paths, the properties of the devices, the current utilization of
the devices, heuristics or measurement data about additional overhead associated with each
device, heuristics about fixed or dynamic thresholds associated with data sizes. The decision
which path is to be used may further depend on previous and/or successive segments, and

the data locality configuration corresponding to a lowest execution time for these segments.
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Associated information may also be obtained by means of historical usage data of the

segment and/or by speculative processing analysis and/or -evaluation.

[00128] As explained above, the best execution path may be found to be the one which
finishes the execution of the segment code earliest or which uses lowest power during the

execution. This is explained in more detail below.

[00129] When the execution of the sequence progresses through the segments in
direction of time 42, the execution path of the sequence may switch quickly between any of

the prepared devices.
[00130] Any input array arguments 10 are to be provided to each segment for execution.

[00131] Each array object (runtime instance) A may track the locations (device memory)
its data has been copied to. When the array A was first used on a device 71, 72, its data are
typically copied to the device memory and a reference 20 - 22 to the array A is typically
stored with the array A. In doing so, data transfer between the devices can be minimized

when the array A is used several times as input argument.

[00132] When an array is used as result storage for a segment on a device, this device
may be marked in the array as the only device the array is currently stored on. Any other
device locations the array may have been copied to are cleared from a list of array locations

of the array.

[00133] With regard to Figure 5, further processes of a compiler phase | which may be

used in any of the methods explained above with regard to Figures 2 and 3 are explained.

[00134] In a first process, a user program 200 is analyzed. Sequences of the program
200 are identified which allow a determination of execution cost at runtime. For sake of

clarity, the exemplary user program has only one sequence 210.

[00135] Sequences may include or even consist out of simple instructions dealing with
scalar data 205. In this case, a compiler may derive cost information based solely on the

executable code generated for the instruction.

[00136] Alternatively or in addition, the sequence 210 may have more complex
instructions, potentially dealing with more complex numerical operations and/or one or more

data structures 10 capable of storing multiple elements of respective common data type.
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[00137] Such data structures may be any predefined array data type available to users of
the language used to write the program 200 in. Alternatively, the data structure may originate
from a library or a stand-alone module or an external module (dynamic link library/ statically
linked library) which is imported to the program. Such data structure are typically able to
store multiple elements of the same or similar data type and accompanying information
about the data structure, like the number of elements, the number and lengths of individual
dimensions in the data structure (as the ‘shape’ for arrays and rectilinear arrays), the type of

elements for such languages supporting types and locality information (storage place(s)).

[00138] Further, the data structure 10 may encapsulate a more general data structure to
enable adding necessary information about the general data structure and making it
available as a common data structure 10 if the general data structure does not provide this

information naturally.

[00139] At least parts of the user program 200 are composed out of instructions
performing numerical operations on data structure(s) 10. Such instructions are either known
to the compiler or provide a way to become recognized by the compiler in an automated

way.

[00140] One example for such instructions is the set of functions in technical languages
such as Matlab (The MathWorks Inc.), numpy (numpy.org), ILNumerics (ILNumerics GmbH),
Julia (julialang.org), Fortran, Scilab (scilab.org), Octave, FreeMat (freemat.sf.net), and
Mathematica (Wolfram Research) working on array data. Such languages may provide their
own compiler and development infrastructure. Or the language might be realized as a
domain specific language extension (DSL) of another, typically more general language
(GPL), may or may not exploiting, in full or partially the compiler and development tools of
the GPL. Here, the data structure 10 may be realized as a rectilinear array of arbitrary size
and dimensionality. Some of these functions take one or more arrays of elements
(multivalued input parameter) and perform their operation on many or even all elements of
the parameter(s), as map (performing a function on the elements), sin (computing the sinus
of the elements), add (adding elements of two arrays). Other functions may create one or
more new array data based on zero or more array or scalar input parameters, like ‘zeros’
(creating an array of zero-valued elements), ‘ones’ (creating arrays of 1-valued elements),
‘rand’ (creating arrays of random valued elements), ‘clone’ (creating a copy of another
array). Other typical functions perform aggregation, like ‘reduce (performing an aggregation
function on a dimension of an array), ‘sum’ (summing the elements along a specific
dimension), ‘max’ (computing the maximum value along a dimension). Other functions may

create subarrays from data structures or perform concatenation, like, for example, ‘vertcat’
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and ‘concat’ (concatenating arrays along a specific dimension). Further, more complex
operations may be used, e.g. ‘matmult’ (matrix multiplication), ‘linsolve’ (solving linear
equation systems), ‘svd’ (singular value decomposition), ‘gr’ (QR matrix decomposition), fft’
(performing a fast fourier transform), ‘eig’ (eigenvalue / eigenvector decomposition),
‘interpolate’ (interpolation of new values according to known discrete values), fmin’ (finding

the minimum of a function).

[00141] Functions may utilize additional supplementary parameters, e.g. to control the
operations within. One example is the ‘sum(A,1) function, where ‘1’ is a supplementary
scalar parameter determining the index of the dimension of the input array A to sum the
elements contained along. Some functions produce a single output array of the same type
and the same size than the input array(s). Other functions may produce multiple outputs,
some of the output arguments may differ in size or type, e.g. the broadcasting binary
function ‘add’, find’" (locating nonzero elements), ‘max(A,1,1)’ (locating elements with the
maximum value along dimension ‘1" in A and also give the indices of such elements). Yet
other functions may generate new arrays from scratch or by extracting parts of and/or
modifying parts of input array(s). One example of latter function category is a modifying (left
side) subarray operator expression like A[2;:] = B, where the values of B are assigned to

corresponding elements of A, stored along the row with index ‘2’

[00142] Another example of identifiable instructions in the user program 200 is the set of
functions similarly provided as runtime supplement for languages like FORTRAN, C/C++,
Perl, C#, Visual Basic, F#, python, Javascript. One such exemplary set of functions is
described by the static functional members of the .NET CLI class System.Math. It contains,
but is not limited to, the range of functions whose names starting with: Abs, Acos, Asin, Atan,
Atan2, Ceiling, Cos, Cosh and ending with Sin, Sinh, Sqgrt, Tan, Tanh, Truncate. Due to the
scalar nature of such functions the compiler of the method described may detect common
language looping construct patterns in the user code (for, while, goto- loops) in order to
transform iterations over elements of arrays into single array function calls, suitable to be

processed into program segments according to the method described.

[00143] One embodiment of the disclosed method may be implemented in a dynamically
typed language (e.g. duck typing) such as Python, Julia or MATLAB. However, it is expected
to achieve better runtime performance with an implementation utilizing a statically typed
language such as C# or Java. Both, embodiments implemented in a statically typed
language and such embodiments implemented in a dynamically typed language are
applicable to both categories of programs: statically typed programs and dynamically typed

programs. If the program is statically typed and the disclosed method is implemented in a
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dynamically typed language type information about the data and functions of the program
may be omitted. Correspondingly, if the program is provided in a dynamically typed language
and the disclosed method is implemented in a statically typed language, missing type
information are inferred from the program by the compiler or by a runtime framework
supporting the execution at runtime. Therefore, the same mechanism may be used which
facilitates the determination of the final types (as used directly for execution) in the language
compiler and/or runtime execution framework supplementing the langue of the original
dynamically typed program. Alternatively, a compiler may inspect the program code and
infers the type of data structure elements and program segments from program code
expressions (e.g. constants), markups (attributes, type declarations) found in the code or at
compiled binary representations of the program segments or in supplementing materials,
from a list of default types available to the compiler and/or from consecutive program

segments or other program context.

[00144] The sequence 210 of instructions may have been created by the user. The
compiler may combine individual instructions of the sequence 210 to form program
segments 220 — 222 of known instructions. The primary goal of such grouping (combining) is
to improve execution performance. In this case the numeric costs of the program segments
220 may automatically be derived by the compiler based on the cost functions of the

individual instructions grouped into the program segment as described below.
[00145] Alternatively, a program segment 220 may contain a single array instruction only.

[00146] In the exemplary embodiment of Figure 5, the sequence 210 consists of three

program segments 220 — 222,

[00147] When a part of the user program 200 is not identifiable by the compiler as a
known instruction, the current program sequence 210 may be ended and a new program

sequence is started with the next identifiable instruction.

[00148] In the exemplary embodiment, the sequence 210 consists out of the full program
line of code in the user program 200, with two input arrays A, B and one supplementary

scalar input i:
C = sum(abs(A- B[full,i]))

[00149] Since all instructions (sum, abs, minus, subarray) are known to the compiler, a
single sequence is created from the whole program line. In this case the assignment ‘=’ is

included into the sequence generated.
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[00150] In other embodiments, assignments may be excluded from or multiple
assignments may be included in program segments. This allows the program segments to

span an arbitrary number of instructions, instruction lines and instruction sections.

[00151] Further, the program segments may or may not include control structures and/or
looping constructs. In any such cases a sequence boundary may be created once the

compiler identifies one of the restricted language constructs.

[00152] Even further, marks in the user program 200 may also indicate boundaries of
sequences or program segments. Such marks may be created by the user or by an
automated process. For example, a pre-processor might analyze the program code 200 and
create and store marks with the program to indicate hints to the subsequent compilation

steps.

[00153] Alternatively and/or in addition, the user may edit, create, use and/or store marks,
for example in the form of language attributes to provide information to the compiler to
support or to control the identification, segmentation of and/or the extraction of required
metadata about a user provided function or program. The compiler may however also ignore

some or even all marks.

[00154] The process of dividing the program 200 into sequences 210 and dividing
sequences 210 into program segments 220 -222 may involve the creation of a graph data

structure representing the sequence to be identified.

[00155] The tree may be created as an abstract syntax tree (AST) in which case it holds
all information necessary to identify data dependencies and program flow of the instructions
and corresponding data in the sequence. This information in the graph together with
accompanying information such as metadata of the functions may also be used to decide for
program segment boundaries and/or to compute program segment costs, program segment

parameter set, and/or program segment output size.

[00156] In order to achieve a high efficiency during execution, the compiler will typically
try to maximize the number of instructions merged into a program segment. This increases
the segments complexity and workload and often leads to better utilization of the processing
units by minimizing overhead for transitioning between segments and storage / transfer

costs of intermediate results.

[00157] For example, the compiler may try to increase the size of program segments by

iteratively combining neighboring instructions in the program code until at least one certain
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limit is reached and the addition of further instructions to the new segment is stopped. Such
limit may be established by a compiler specific rule (heuristic) or compiler specific limit
relating to the complexity of the combined operation for the new segments, the number
and/or type or structure of input / output parameters of the new segment, the ability of the
compiler logic to create / derive required function meta information (as function size and
function effort) as a functional of the properties of input / output data structures of the
segment based on meta information of the combined instructions, and/or the ability to create
an intermediate representation of a compute kernel representing the combined numerical

operation from the individual instructions.

[00158] Another way to define program segment borders with combined instructions is to
categorize the set of known instructions into instructions which do not cause a change of
size for any output parameter in relation to the input parameter sizes (map-type instructions)
and further instructions which potentially do cause a change of the size of at least one output
parameter in relation to the input parameter sizes (reduce-type instructions, subarray, and
creational instructions). According to an embodiment, a program segment includes at most
one size changing instruction including any number of known map-type instructions, derived

from direct neighbors of the size changing instruction in the user program code.

[00159] A method of supporting the decision for program segment border placement
which a person experienced in the art will find especially helpful is to limit the complexity
(cost) of determining the effort to execute the computing kernels of a segment with instances
of input /output data structures at runtime for each processing unit. According to an
embodiment, such effort is computed by functionals derived from the segment function meta
information which are created / adopted when new instructions are added to a program
segment at compile time during segmentation (see below). The complexity of such effort
functions is typically not increased when map-type computing instructions are added to the
segment. Other types of instructions may lead to a more complex cost function, requiring
higher effort for evaluation at runtime. In order to keep the overhead of deciding for a
processing unit for a segment small the compiler may place a segment border whenever the
addition of a new instruction would increase the complexity or the effort for evaluating the

cost of a program segment.

[00160] In order to locate supported instructions, a semantic analysis may be performed
on the program or on parts thereof. The goal of such analysis may be to determine the type,

or other information of the instruction and/or of the data the instruction is handling.
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[00161] Alternatively and/or in addition, simple text matching may be performed on tokens

of the program 200.

[00162] Semantic analysis may also be used to infer data types when the program 200
does not provide sufficient type information directly. One example refers to the collection of
dynamically or weakly typed languages and/or structures which are common for technical

prototyping languages.

[00163] During the compilation phase I, a runtime segment 240 for each program
segment identified is typically created. The runtime segment(s) 240 typically store(s) all
information required to execute the numerical operation of the program segment 220 on the

processing units (71, 72 ,73) at runtime.

[00164] In one embodiment the runtime segment 240 is realized as a compiler generated
class definition 249 which is going to be instantiated at startup time Il. Typically, the class
stores the intermediate representation of the numerical operation for supported device
categories (kernels 241, 242, 243), argument adaptors 245 facilitating the determination,
caching and loading of array arguments for the segments computational kernels 241 - 243,
the function meta information 248 for the (combined) instructions of the segment and a
device selector code 247 which contains code performing the determination of processing
costs and the selection of the processing unit at runtime. The device selector 247 may serve
as the entry point of the runtime segment 240, 249 when the program is executed.
Therefore, the device selector 247 may provide a function interface supporting the same
number and the same types of input and output arguments as the program segment 220.
This enables the compiler to use the device selector 247 as a direct substitution for the

instructions the program segment 220 is made out of.

[00165] The substitution may be realized via code injection by modification of the program
code 200 or by modification of a compiled assembly (executable binary) derived from the

user program 200.

[00166] The implementation of the runtime segments may be realized as a separate
module, assembly, library, remote service or local service. Alternatively, the runtime

segments code might be added to the user program 200.

[00167] In one embodiment the startup phase | may be implemented and triggered by
instantiating the runtime segment 249 as a static context variable in the program. During the
startup phase I, information about the available processing units (73, 71, 72) is collected, the

intermediate representations 241, 242, 243 of the program segment 220 are adjusted for
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each supported processing unit (73, 71, 72), the computing kernels are compiled and loaded

to the processing units (73, 71, 72).

[00168] Alternatively or additionally, some of the initialization steps for some of the
resources described above may be delayed to the time the utilization of the corresponding

resources is required for the first time during the execution.

[00169] As explained above, the cost of executing each individual segment is
determinable at runtime. In difference to other approaches the compiler does not attempt to
determine the actual cost of an instruction at compile time or prior to allocating the segment
on devices (processing units) of the heterogeneous computing system. Instead, all devices
are similarly equipped with executable runtime segment(s) and the expected costs are

determined at runtime, typically right before execution.

[00170] The expected cost of a runtime segment is typically evaluated based on a cost
function taking into account the intrinsic cost of the instructions executable representation on
a specific processing unit and the concrete data dealt with by the numerical operation

derived from the instructions of the program segment.

[00171] Intrinsic segment costs may be derived from the cost of each single instruction in
the program segment utilizing the graph of instructions of the corresponding sequence 210.
The costs of individual instructions may be combined in a suitable manner to represent the

intrinsic cost of the whole segment in a way enabling efficient evaluation at runtime.

[00172] Such a representation 248 may be stored with a runtime segment 240 and used
at runtime to determine the actual cost of executing the runtime segment compiled from the

program segment 220 for the concrete input data structure 10.

[00173] Therefore, the computational cost of a runtime segment is a function of such input
arguments and may be implemented in different ways. For example, the compiler may utilize
several ways to provide the cost function to the runtime segment, some of which are

described below.

[00174] Typically, the compiler 250 will pick a cost function implementation which is
expected to result in best execution performance or lowest power consumption at runtime.
Such selection often corresponds to the least number of information required to obtain at

runtime.

[00175] For many instructions the cost function can be determined in terms of the number

of operations performed to produce a single element C in the output. The overall cost may
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than be the result of multiplying the cost of a single element C with a factor N, where N
corresponds to the number of output elements (to be) produced or a certain power thereof,

depending on the effort of the instruction.

[00176] For simple operations like sin(A), N would equal the number of elements in the
input array A. For an instruction sorting an array A with an effort of O(n?), N would be equal
to the square of the number of elements (n) in A. Other instructions may have higher or

lower efforts, leading to other powers, including non-integer powers.

[00177] The computational cost for a single element C can be acquired from lookup
tables or caches, be determined by measurements, for example on the concrete hardware
used to execute the instruction or by analyzing the compute kernel of a runtime segment
resulting from a compilation of the instruction for a specific processing unit (CPU, GPU etc.)

of a heterogeneous computing system.

[00178] Other instructions may have more complex cost functions. For example the cost
function may depend not only on the number of elements in the output result but also on the
number of dimensions and/or the structure (i.e.: the lengths of individual dimensions) of at
least one input argument (i.e. runtime instance(s) of respective data structures), the value of
elements in at least one input argument, the existence, structure, type, value of other input
parameters and/or output parameters and/or the existence and value of supplementary

parameters.

[00179] The information of the cost function may also be automatically derived from the
instruction by the compiler 250. Automatic derivation of the cost may involve analyzing the
function and is especially useful for simple instructions. The compiler 250 may use at least
one of the code, the name, the varying number of parameters, and/or the executable binary

representation of the instruction in order to automatically derive the cost of the function.

[00180] Alternatively and/or in addition, supplementary metadata associated with the
function, suitable to evaluate the computational cost at runtime may be used by the compiler.
Such metadata may be created during the authoring of the function. By agreeing on a
specified set and/or format of such metadata, the programmer of the program 200 may

extend the collection of supported instructions with own functions and / or operations.

[00181] The compiler 250 may also know a predefined set of instructions and associated
cost functions and/or may be able to match instructions in the program code with the cost

function of the known instructions.
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[00182] The compiler 250 may decide to combine the cost functions of corresponding
instructions into a single segment cost function or to replace the cost function for individual
or for all combined instructions with a replacement cost function similarly representing the

effort of the segment for a certain instance of the input data structures.

[00183] Alternatively, the segment cost function may be implemented and/or evaluated by
considering the cost functions of all individual instructions in the segment. This may be
realized by walking the nodes of the sequence graph 210 and evaluating the cost function of

each node representing an instruction.

[00184] Further, the compiler 250 may apply optimizations in order to simplify the
resulting cost function(s). Such optimizations may include the inlining of instruction cost
function, the omitting of such parameters which do not (significantly) contribute to improving
the quality / exactness of the cost value for a segment, partial or complete aggregation of
instructions in a segment and other methods which reduce the computational overhead of
evaluating a segment cost function at runtime. For example, if the compiler 250 identifies for
a program segment that the cost do solely rely on the number of elements in its input
parameter 10 other information as, for example the number of dimensions and/or the

structure of the input parameter 10 may be omitted from the resulting cost function.

[00185] According to an embodiment, instruction information is provided by metadata
attributes. Each instruction may provide a way to query metadata for the instruction to the
compiler. For example, every suitable ILNumerics function is decorated with a certain
attribute that supports the compiler in identifying the function as an instruction. Accordingly,
the attribute type is known to the compiler and can be used to provide comprehensive

metadata of the function via a common interface implemented by the attribute type.

[00186] The function metadata typically contain data for determining the size and the
structure of each generated instance of output data structures that may be an array, data for
determining the ‘effort’ the instruction (numerical operation) spends for generating an
instance of an output data structure, and optional data for deriving kernel code for a specific
processing unit and/or a generic processing unit type, the processing units being suitable for

performing the numerical operation on a set of instances of input data structures.

[00187] The above supporting function metadata is typically provided individually for each
output the instruction is able to produce and for each type of processing unit the framework

supports.
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[00188] For example, the high-level ILNumerics function abs(InQ) for calculating absolute
or magnitude element values of instances of input data In0 is decorated with an
ILAcceleratorMetadata-attribute which contains a link to a class ILMetadata_abs001. Both
are provided by the author of the abs function of the ILNumerics framework. The compiler
can instantiate the class and query its interface to gather the following information: size
information of instances of the output Out0 data structures produced by the abs(In0)
instruction in terms of instances of input data In0. Individual size information may be
provided, including but not limited to (1) the total number of elements stored in Out0
(Numel(In0)), (2) the number of dimensions used to describe the structure of Out0
(Numdim(In0)), and (3) the length (number of elements) for each dimension of Out0
(Size(In0, 0) to Size(In0, 2)) as illustrated in table | typically representing a segment size

vector or list:

Numdim(In0)

Numel(In0)

Size(In0, 0)

Size(In0, 1)

Size(In0, 2)

[00189] Such information is typically provided in terms of a function receiving the
instance of the input data structure In0 and producing a vector (size descriptor) with the size
information stored as consecutive elements. Since there is only one output produced by
abs(In0) the exemplary ILMetadata_abs001 class provides a single size descriptor only.
Depending on the kind of instruction the size descriptor function may requires further
arguments, corresponding to the number of arguments defined for the instruction. For
example, the add(In0, In1) instruction adding the elements of two input arrays requires two
array arguments which may or may not are required for, provided to and used by the size

descriptor function.

[00190] Further provided as function meta information of the abs(In0) instruction may be
the ‘effort’ of the instruction in terms of instances of its input data In0, on a (generalized)
CPU platform, relating individually to (1) the number of elements in In0, (2) the number of

dimensions in In0, (3) the length of each dimension of In0.
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[00191] Such effort information may be provided as normalized values or constants
forming an effort vector of floating point or integer values. Each element of the effort vector
corresponds to information of the elements of a size descriptor vector such that when
performing a vector product (i.e.: computing the scalar product) on both, the effort
information vector typically describing the normalized effort for the instruction (i.e. effort per
element of the input data structure) and the size descriptor vector corresponding to the
instance of the input data structure the resulting value corresponds to the effort of executing

the instruction with the instance of input data structure.

[00192] Likewise, the ‘effort’ of the abs(In0) function in terms of its input data InO on a

(generalized) GPU and/or any other processing unit may be provided.

[00193] Other embodiments may use other methods of providing the effort information of
the instruction at runtime. Such methods can be simpler than the one described above. It
may omit information from the computation or substitute some information with suitable
estimates. Or the methods are more complex, taking the same and/or other properties of
related entities into account. For example, the effort information may be provided as a
constant instead of a function. Or the computation may take into account the values and/or
the types of elements of the input data structure instances, state information of the
processing unit, of the host controller and/or of other system components, further information
provided by the input/output data structure instances, the function meta information and/or

the compute kernels.

[00194] The function meta information may further include a template kernel code
(compute kernel) suitable to be used as a template for a specialized kernel function body on
a concrete CPU platform. The template is typically completed later in the program run when
the concrete processing units are known. The template may contain placeholders which are
going to be replaced later, for example at startup time, for example with properties of the
processing unit. Such properties may include the number of processors, cores, cache size,
cache line size, memory size and speed, bitrate, features and/or instruction set supported by

the processing unit, power consumption and/or frequency of the processing unit.

[00195] Likewise, kernel code (compute kernel) suitable to be used as a template for a
specialized kernel function body on a concrete GPU and/or any other processing unit
including a host controller may be provided as part of the function meta information. Such
template kernel code may be equipped with placeholders which are replaced at start-up time
with properties of the concrete processing unit, like the number of processors, number of

cores, cache size, cache line size, memory size and speed, bitrate, features and/or
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instruction set supported by the processing unit, power consumption and/or frequency of the

processing unit.

[00196] The compiler 250 uses the gathered information to create a runtime segment.
The runtime segments may contain executable code in the same language the user program
was made of. The compiler 250 may modify the program code in a way which causes the
execution of the runtime segment instead of the original program part the segment was

derived from.

[00197] Alternatively, the compiler may create executable instructions compatible with the
execution system and/or modify an executable resource created from the user program 200
to cause the execution of the runtime segment instead of the corresponding part of the user

program 200 at runtime.

[00198] A runtime segment may span a single instruction identified. In this case the
segment effort (explained below) corresponds to the instruction effort and the segment size
(explained below) corresponds to the instruction size. In other cases a segment may span
multiple instructions and the segment size and effort are computed from the set of multiple
instruction efforts and -sizes. See below for a description of the creation of segment effort

and -size.

[00199] The runtime segment may implement multiple execution paths for the original
intent of the instructions. One path executes the runtime segment on the CPU, potentially
utilizing the same runtime system the program code was made for. Other paths may use
low-level accelerating interfaces, like OpenCL or CUDA or OpenGL etc. to execute the
runtime segment on an accelerating device, like a GPU or similar. Optionally, a fast track is
provided for scalar or small input structures. All paths are readily initialized by preloading
respective compute kernels to the corresponding processing units, even though such loading
may be performed in a lazy manner at the time when a compute kernel is to be executed for

the first time.

[00200] At runtime in one embodiment, the decision which path (which device) is to be
used for fastest / most efficient result creation often only depends on dynamic runtime data,
for example the data meta information, in particular the size, structure, and/or values of
runtime instances of the input data structures. All other conditional information has been
‘baked’ into the prepared segment effort by the compiler at compile time and/or at start-up
time already. This is typically especially true for such information which is known at compile-

or start-up time and is not a matter of dynamic changes at runtime.
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[00201] Typically, each runtime segment implements a fast switch for the dynamic

decision of the execution path, based on the segment size and the segment effort.

[00202] The segment effort corresponds to the number of operations associated with the
computation of a single result element by the runtime segment. Multiple efforts can exist for

a runtime segment if the runtime segment is able to produce multiple output results.

[00203] Segment efforts are typically realized and/or implemented as functions of the size

of the input data structure instance.

[00204] Segment efforts may carry a measure of the cost of the instructions implemented
in the runtime segment and accumulated from the instructions assembling the segment.
Since the way the instruction is implemented on individual platforms may differ, a segment
effort is typically computed from the assembling instructions for each supported platform

individually.

[00205] According to an embodiment, the segment effort is implemented as a segment
effort vector of length n corresponding to the size description of a multi-dimensional array,
where n corresponds to the number of dimensions maximal supported by the system

incremented by 2.

[00206] Each segment effort vector SEV0O, SEV1 may include or consists out of the

following elements:

Element #0: effort of the function by means of the number of input dimensions,

Element #1: effort by means of the number of input elements,

Element #2...(n-3): effort by means of the length of the corresponding dimension.

[00207] Elements of the segment effort vector can be numeric constants or scalar
numeric functions. The compiler may be configured to decide to fill and maintain all elements
of the segment effort vector, and/or to improve and/or even optimize performance by leaving
out some elements from the computations depending on the properties (complexity) of the

functions in the segment.

[00208] However, at least one element of the segment effort vector is non-zero.
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[00209] The segment size corresponds to the size description of an n-dimensional array
and may be implemented as a segment size vector of length (n + 2), where n corresponds to

the number of dimensions maximal supported by the system.
[00210] Typically, the segment size vector and the segment effort have the same length.

[00211] The segment size vector may include or consists out of the following elements:

Element #0: Number of dimensions (n),

Element #1: Number of elements,

Element #2...(n+1): Length of dimension 1...n.

[00212] The elements of the segment size vector can be numeric constants or scalar
numeric functions. Typically, the elements comprise scalar functions of instances of the input
data structures. Again, the compiler may (typically prior to runtime) decide to adjust and/or

even optimize the segment size vector for better performance.

[00213] With regard to Figure 6, determining at runtime Il expected costs of executing
respective compute kernels of a runtime segment implementing an exemplary program
segment with the function 3+sin(A) for an array instance A of 200 x 300 elements is
explained. In the exemplary embodiment, the expected costs are determined for a
heterogeneous computing system with two processing units, namely a CPU (Device0) and a
GPU (Device1).

[00214] At runtime Il and before executing one of the compute kernels, the desired
processing unit for executing the runtime segment is selected by computing the expected

costs for the execution of respective compute kernels on each available device.

[00215] First, the segment size vector SSV and the segment effort vectors SEV0, SEV1
may be determined. In the exemplary embodiment, the segment size vector SSV is
implemented as explained above with regard to table | and determined in accordance with

the array instance A.

[00216] For any element of the segment size vector SSV which relates to a function, the
function is evaluated to obtain the element as a number. This is to be performed only once,
since the size of the result of the segment outcome does not change between devices. See

below on how this may be achieved.
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[00217] The segment effort vector SEVO, SEV1 is typically determined for each
processing unit (CPU - index 0, GPU — index 1). Any related element functions may be

evaluated (see below for further detail).

[00218] Thereafter, the computational costs for each device may be determined by

computing a scalar product between the segment size vector and the segment effort vector.

[00219] Thereafter, the expected (total) costs can be determined by adding computational
costs and costs for a potential data transfers to each device based on the segment size

vector and a current data locality information as maintained in the array object A.

[00220] Thereafter, the device corresponding to the lowest expected cost may be

selected for execution.

[00221] Additionally, more information may be taken into consideration of the expected
costs. For example, additional device properties (cache sizes, SIMD lane length on CPU
vector extensions etc.), a factor corresponding to an overhead required for initiating data
transfers (next to the actual data transfer costs), an overhead for triggering the execution of
preloaded compute kemels, processor frequency, utilization of processing units and others

may be considered.

[00222] Alternatively, the device selection for execution may be based on fewer

information than described above.

[00223] A transfer cost table TCT is typically created at start-up time (startup phase) once
all devices suitable for performing numerical operations (e.g. based on a predefined version

of OpenCL) are identified. The table TCT may be cached for decreased startup overhead.

[00224] According to an embodiment, array data may live on any device (not only on the
host). In order to estimate the required effort to copy data from a current device to another
device for execution, the costs of the transfer may be estimated based on a transfer factor

corresponding to the normalized transfer costs from the current device to the other device.

[00225] The transfer factor may be acquired by measurement at start-up or based on

certain heuristics delivered with the systems.

[00226] The transfer factor may be multiplied with the actual array size at runtime.
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[00227] Further, the transfer factor may be refined during the execution of the system
based on actual measurement data. This can help to account for resource state changes of

the runtime computing system.

[00228] According to an embodiment, location vectors LV are used. Runtime instances of
data structures (arrays) may co-exist on multiple storage locations. A location vector of

references to such locations is typically maintained by each array operation.

[00229] The length of the location vector LV may correspond to the number of supported
devices and is typically of constant length during the execution of the program, but may vary

between individual execution runs and/or computing systems.

[00230] Each of the elements of the location vector LV typically corresponds to one (fixed)
device index 0, 1 for all runtime segments. Device indices may be assigned at startup time of

the program as part of the determination of the processing units.

[00231] The element values of the location vector LV may point to a reference to the data

buffer on the respective device.

[00232] The elements of the location vector LV may be non-zero, if the array data are

(currently) available on the device corresponding to the element index, and zero otherwise.

[00233] In the exemplary embodiment illustrated in Figure 6, the input array A exists on
the CPU device (index 0) only as exemplarily indicated by the location vector LV = (1, 0)
storing a non-zero value (1) only in the location vector LV element with index zero for the
CPU. As the array A does not exist on the GPU memory, exemplary transfer costs of 0.2 per
element of the input array A have to be considered for the GPU as illustrated in Fig. 6 by the
transfer cost vector TCV1, while no transfer costs have to be considered for the CPU

resulting in a corresponding transfer cost vector TCVO filled with zeros.

[00234] For each processing unit, the expected costs can be determined as scalar
product SSV*(SEVi+TCVi) with device index i (i=0, 1).

[00235] In the exemplary embodiment, the expected costs for executing the runtime
segment on the CPU are much higher than the expected costs for executing the runtime
segment on the GPU (90000 compared to only 16980). Thus, the GPU may be selected for

execution.

[00236] For sake of clarity, Figure 6 only illustrates cost determination at runtime for a

numerical operation (3+sin(A)) which is to be performed element by element resulting (for
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the exemplary processing units) in segment effort vectors SEV0, SEV1 each having only one
non-zero element (namely the second one referring to costs depending on the total number

of stored elements).

[00237] Further embodiments of computing segment effort vectors and the segment size
vector are explained in the following with regard to figures 7 to 9 describing the exemplary
creation of the function meta information attached to a segment performing the operation
3+sin(A).

[00238] For good performance, it may be preferred to merge multiple instructions to form
a single merged segment. Several options may exist to perform the merge and to provide
the overall segment size and segment effort to be available at runtime. The methods differ in

the complexity of the segments they support and in the cost to compute their information.

[00239] When the compiler starts building the segment at compile time, it may first identify

the code tree or abstract syntax tree (AST) of the segment shown on the right of Figure 7.

[00240] In the exemplary embodiment, the tree is relatively simple. More complex trees
are supported as well. Typically, each node of the tree corresponds to an instruction of the
program or to data arguments (constants, arrays). The compiler starts by walking along the

nodes of the tree and querying the metadata of every instruction involved.
[00241] During the walking of the nodes the compiler may build

- segment effort vectors,

- segment size vectors, and

- segment kernel templates

for every supported processing unit category such as generic GPU, generic CPU, CPU host,
generic DSP, scalar device and so forth. Note that at this stage the effort vectors created for
individual processing unit categories do not carry any information specific to concrete
devices yet. Rather, the individual effort vectors account for individual ways to implement
and execute the instructions on the various processing unit categories. For example, some
device categories require the kernel code to also implement looping structures and/ or
thread management overhead in order to execute some instructions efficiently while other

device categories don’t.
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[00242] The segment size vector has to be built only once since it does not change on

individual processing units.

[00243] Every output slot of the segment may get its own segment size vector assigned.
Depending on the complexity of the instructions dealt with in the AST results produced by
individual output slots of the segment may correspond to individual computational costs.
Some embodiments take such differences into account by maintaining individual effort
vectors for individual outputs of a segment. However, for the sake of clarity this description
assumes the segments to be sufficiently simple so that all outputs are created for every
execution of the segment at once, hence a single effort vector for each processing unit

(category) is able to represent the actual computational costs for all outputs.

[00244] Instructions in a segment which do not change the size of its inputs may be
aggregated into a single size function. Segments comprising such instructions which do not
change the size of its inputs typically only get a size function vector which reflects the size

descriptor of the corresponding input assigned to the output slot.

[00245] Otherwise, the final segment size of each output slot may be realized as a tree of
“size-changing nodes” corresponding to the segment syntax tree. Every node size function
may modify the size of its input(s) accordingly and ‘generates’ a new size which serves as

the input for the size function of its parent node.

[00246] The size tree described above is typically stored in the segment for later
evaluation. The size information may be adjusted and/or even optimized by the compiler
and/or stored in a specialized format in order to facilitate more efficient segment size

evaluation at runtime.

[00247] For example, the segment 3+sin(A) implements two instructions: Add() and Sin().
Add() is a binary operator, adding the elements of two input arrays. Since one of the two
arguments is the scalar constant ‘3’ the size of the output generated by Add() solely depends
on the size of the second input (array) argument to Add(), according to common dimension

broadcasting rules. Therefore, Add() is considered a non-size changing instruction here.

[00248] Likewise, the Sin() instruction computes the sinus of all elements in the input
array. The size of the output generated by Sin() equals the size of the input array. Therefore,
both instructions in the segment are non-size changing and the segment size corresponds to

the input size.
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[00249] This is reflected in Figure 8 where the segment size vector SSV of the created
segment Segment_0001 for the (only) output slot Out0 corresponds to the size descriptor of

the (only) input array argument In0.

[00250] Many size trees are single-node trees because many segments implement only
non-size changing operations (like in the example above). Moreover, due to the sparsity of
the segment effort vectors SEV0 to SEV1 referring to respective processing units PUO to
PU2 and non-size changing operators (see below), often only a scalar value evaluation is
required at runtime to compute the final effort of the segment on a specific processing unit,

often based on the overall number of elements in the input array only.

[00251] However, for such segments containing multiple aggregating functions (e.g.
Sum()) which change the size of input arguments, the size functions may have to be
evaluated recursively at runtime, based on the tree of instructions and corresponding
metadata. The compiler may decide to limit the span of functions for a segment accordingly,

in order to keep the segment size evaluation simple.

[00252] The segment effort vectors SEV0 to SEV1 may be created in a similar way.
Metadata of every instruction are queried by the compiler for each specific processing unit
category individually. The effort for each instruction may be provided as a simple vector of
scalars or of scalar functions. Typically, the segment effort vectors SEV0 to SEV1
correspond to the respective normalized instruction effort of computing a single element of
the corresponding output. Note that individual processing units PUO to PU2 may associate
different efforts to compute a single output element, depending on, for example, different
instruction sets being supported by the processing unit, different implementations of the
intended numerical operation on the processing units, and/or different support for the

required numerical element data type or numerical precision.

[00253] The effort data vectors for non-size changing array instructions are typically
aggregated into a single effort vector by addition of the effort vectors of non-size changing
instructions involved. Figure 8 illustrates one embodiment, where the effort of computing a
single element of the output produced by the segment 3+sin(A) is shown. Both instructions
are non-size changing instructions. Hence, every element of the output requires the
computation of one addition and one evaluation of the (intrinsic) sinusoidal function. The
efforts for both operations may be or are provided by the author of the instruction in terms of

instruction metadata and are added to form the segment effort vector.
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[00254] Often, the effort of computing a single element of the output is associated with the
overall number of elements to be computed. In this case and at runtime a single
multiplication operation with the factors ‘single element effort’ and ‘number of output
elements’ leads to an estimate of the overall segment execution effort for a certain input data
structure. Often, the segment effort vector is sparse in that only a single element is non-zero,
namely the element corresponding to the index of the information of the number of elements

in a size descriptor.

[00255] In the exemplary embodiment illustrated in Figure 8, the effort to create a single
element is stored in the segment effort vectors SEVO to SEV2 at index 1 (2" index value),
corresponding to the position where the number of elements of an array is stored in an array
size descriptor and the SSV, respectively. Here, the stored value 6 is the result of adding the
single element effort 1 of the Add() instruction and the single element effort 5 of the Sin()
instruction. Other elements of the segment size vector are 0, indicating that the segment
effort can solely be computed in terms of the overall number of elements in the input data

structure at runtime.

[00256] Other segments may implement other instructions, for example the aggregating
instruction Sum(). When such instructions are involved in a segment, the corresponding
instruction effort may be computed based on other size information, for example the number

of dimensions or the length of individual dimensions of the input data structures.

[00257] For size changing instructions, i.e. instructions generating output arrays with a
different size than the input arguments, aggregation of the instruction effort information in
advance is often not easily possible. Instead the effort for creating a single output element
may depend on size information corresponding to the input/ output data structure instances
as they are provided to individual instructions of the segment at runtime. Therefore, an effort
evaluation tree may be created for these segments. Nodes of the effort evaluation tree store

the effort information of the instructions involved for later evaluation.

[00258] The effort evaluation tree can be used at runtime to gather the segment effort
vector of the segment for a certain set of input data structure instances. Therefore, the
instruction effort functions and the instruction size functions stored in the nodes of the tree
are evaluated appropriately (e.g. recursively or by walking the nodes of the tree), taking into
account the concrete sizes of the data structure instances (input- and intermediate argument

sizes).
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[00259] This way the effort evaluation tree allows the anticipation of the effort required to
compute the numerical operation of the segment on a specific processing unit with specific
data structure instances based on associated metadata — without actually having to carry out

the operation on the processing unit.

[00260] Typically, the instruction effort vectors are maintained by the instruction author for
each device category individually. This takes into account the fact that individual devices
may implement the same operation in a different manner, or the same operation causes

different execution costs on individual device categories.

[00261] For improving the precision of the effort estimation result, further data may be
considered, such as data related to memory transfer costs and frequencies of the processing

units.

[00262] While the segment effort vectors after the compiler stage may represent the effort
of creating a single element, the segment effort vectors may be further refined by taking
further data into account. Figure 9 illustrates the adoption of the segment effort vector with

information about the number of cores available for two processing units, a CPU and a GPU.

[00263] In the start-up phase (e.g. at startup time) Il, the number of cores of the available
processing units may be determined and the predetermined segment effort vectors SEVO0 to
SEV2 updated accordingly. In the exemplary embodiment, the detected 4 cores for the CPU
allows the execution of 4 instructions at the same time. Hence, the elements of the
predetermined corresponding segment effort vector SEV1 (values 0,6,0,0,0, see Fig.(8)) are
divided by 4. Correspondingly, the GPU may has 96 cores and the segment effort vector
SEV2 for the GPU is divided by 96 (or multiplied by ~0.01). Correspondingly, the
predetermined segment effort vector SEVO (for reasons of clarity not shown in Fig. 9)
representing the effort to execute the segment in a sequential / scalar manner on the CPU

may or may not be updated here.

[00264] According to embodiments, further and/or other data are taken into account in
order to create and/or update the segment effort information and/or further and/or other
factors than the number of elements in the size descriptor of data structure instances may be
used. For example, further device specific properties like kernel execution trigger overhead,
length of CPU vector extension units, memory bus transfer rates between devices, core

grouping information, and/or actual or intended device utilization may be considered.

[00265] Also, further size information may be used to relate effort information to the actual

data structures instantiated for execution of a segment. For example, constant factors may

41



WO 2018/197695 PCT/EP2018/060932

be included in a size descriptor or added to the computed effort. Or in addition to the size
information described above, like number of dimensions, number of elements, length of
dimensions, integer or fractional powers of such or further numbers may be used to describe
the size of a data structure instance. Any information related to the influence which is done
by the data structure instance to the effort of executing the segment may be used inside a
segment effort evaluation, including, for example values of elements of the data structure,
symmetry information, data range information, boolean or integer flags describing further

properties of the data structure.

[00266] At compile stage, one kernel template is typically created for each device
category. The kernel templates implement the numerical operation intended by the

instructions of the segment.

[00267] Such templates may be used to efficiently implement and adapt the kernel code
at start-up stage when the actual execution units are known. Examples of adaptation include
the consideration of device properties like cache sizes, cache line lengths, SIMD vector
extension unit lengths, supported feature set, precision supported by the device, frequency,
number of cores, etc. Such information may be used to adapt the kernel and/or the kernel

templates for faster execution on the processing units.

[00268] In order to make the method useful for a wide range of applications of nhumerical
algorithms, the overhead of the method is desired to be kept as small as possible. This
down-shifts the break-even point, more particular the size of array data instances above
which the advantages of the method by execution on supplementary devices exceeds the

overhead added by the method itself.

[00269] The methods described herein become already profitable at a reasonable low
number. In this way, for example, parallel potential can be utilized even for relatively small

array sizes.

[00270] As is true for other areas of computing, memory transfers are one of the major
bottlenecks in modern (von Neumann) computer architectures. Therefore, data buffer
exchange between devices is to be handled carefully, memory management on the devices
should be especially efficient and the input data structure may support the invention with

certain design advantages described in the following.

[00271] In this respect, it is advantageous if arrays (data structure instances) track their
current storage locations, e.g. the arrays may store the locations of device buffers, where

their elements have been copied to. This way, the information stored in an array may exist
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on multiple device memories at the same time. All such devices can access the array with

little overhead.

[00272] The compiler may decide to support memory management on the processing
units by optimizing segment implementations for the intent of its arguments. Hereby, ‘intent’
refers to at least one of the lifetime and the mutability of an argument. Therefore, distinction
between the segment arguments intent can be built into the language (distinct InArray,
OutArray, LocalArray and ReturnArray types). Utilizing immutability (read-only input arrays)
and volatility (self-destructing return array types) saves array copies and realizes an early,
deterministic disposal for array storages — even for languages which do not support

deterministic object destruction from the start.

[00273] Device buffer storage may be allocated for input array arguments on demand and
gets the same lifetime as the array’s storage itself. Once copied to the device the buffer
stays there until the array is disposed or changed. This way a cheap re-utilization of the

array (buffer) in a potential subsequent segment invocation is enabled.

[00274] Segments output arguments typically invalidate (dispose / release) all other
storage locations for the array and a new buffer becomes the only storage location for the

array.
[00275] Released buffers may also stay on the device for later reusing (pooling).

[00276] Arrays data storage is typically maintained separately from the array size
descriptors. This allows sharing (large) data storages among subarrays of the same source

array, differing only by individual size descriptors (sometimes referred to as ‘views’).
[00277] Arrays may create lazy copies of their storages only (‘lazy copy on write’).

[00278] Furthermore, runtime segments may be executed asynchronously on devices
supporting it. Typically, one device at a time (often the host controller) is responsible for
determining the best suited processing unit for a runtime segment and/or for queueing the
runtime segment to the determined processing unit asynchronously. l.e.: the controlling
device does not wait for the execution of the runtime segment’'s compute kernel to have

finished until the method proceeds with the next runtime segment.

[00279] Figure 10 illustrates method steps associated with the asynchronous execution of
multiple runtime segments and instructions involving the creation-, accessing and releasing
of and the computation with data structures capable of storing multiple elements of a

common data type such as array objects.
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[00280] According to an embodiment, two additional items are stored and maintained in

array objects for each supported device, namely a buffer handle and a sync handle.

[00281] The buffer handle stores a reference to the buffer of the array data (data structure
instance) on the device specific memory, if applicable. The type of the buffer handle may

vary with the device type and / or the interface used to access the devices.

[00282] The synch handle may be used to synchronize access to the buffer storage for a

specific device.

[00283] Synch handles may either be obtained from device specific interfaces (e.g.

OpenCL, MPI) or created and maintained by the host application codes.

[00284] In the exemplary embodiment illustrated in figure 10, two processing units exist: a
CPU host device implementing memory as managed heap (device 0) and a GPU (device 2)

with dedicated GPU memory.

[00285] Please note that the actual type of devices (processing units) may not be of
importance since all devices may be utilized via a common interface of the devices.
OpenCL, for example allows handling CPU memory in the same way as GPU memory.
Likewise, individual shared memory devices can access the same hardware memory. Still,
the overall functioning is the same, except that some calls in figure 10 would not be required

and can be left out for performance reasons.

[00286] Similarly, the location indices assigned to the devices are a matter of choice.
While the CPU was assigned the index 0 to and the GPU was assigned the index 2 in the
figure 10, the (device) location indices in the set of supported devices can be different

without affecting this scheme.

[00287] During start-up (start-up phase), the supported devices are identified and a fixed
index is typically assigned to each device. This index is used throughout the whole program

execution to locate the device in the location array.

[00288] Note further that only the location slots for device 0 and device 2 are shown in the
figure. Other slots corresponding to other devices on the system are left out for clarity

reasons.

[00289] Figure 10 shows, with the focus on memory management and synchronization, a
schematic view of the actions used to asynchronously compute the following array

instruction for an input array A:
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[00290] [1] {
[00291] [2] ILArray<double> A = rand(1000,2000);
[00292] [3]

[00293] [4] B =Abs(Sin(A * A));

[00294] [5] varc = A GetArrayForRead();

[00295] [6]

[00296] [7] }

[00297] The lines [1] and [7] establish a code block which associates a life time scope to
the array A. Arrays scope is included into the following consideration since it allows for
deterministic destruction, release, and reusing of the array storages. This is expected to
outperform non-deterministic memory management via, e.g. garbage collectors (GC) in most
situations, since it allows for releasing and reusing memory in a timely, deterministic manner
and safes the overhead of garbage collection and associated costs. Also, explicit scoping
simplifies the memory management by allowing the host to work in single-threaded mode,
saving synchronization overhead otherwise introduced by locking or other synchronization
schemes. Some GC implementations may interfere here due to their multithreaded, non-
deterministic object destruction and/or finalization. In this description it is assumed that the

language used is able to provide scoping and lifetime information of its objects, respectively.

[00298] As soon as the array A leaves the scope of the current block, it is considered as

ready for disposal.

[00299] In line [2], the array A is created as a matrix with exemplary 1000 rows and 2000
columns filled with random numbers on the host controller. The compiler may identify this
array instruction as a (single instruction) segment and at runtime it may be decided to

compute the random number on the GPU (device 2).

[00300] At this point, no memory of the GPU is allocated yet for the elements of the large
matrix A. Instead, the GPU device is instructed to allocate memory for the matrix A on its
dedicated device memory. This instruction is made asynchronously: the host does not wait
for the device to actually create the buffer but receives a synch handle from the device which
is used to identify the asynchronous operation later. While the host controller immediately

continues with subsequent operations the synch handle will be used in all future attempts to
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access the buffer on the device. Such access attempts will wait on the synch handle to
switch to “ready state” before performing the access of the buffer. The synch handle is

stored in the corresponding device slot of the array storage locations.

[00301] The synch handle may be a simple shared, atomic (universal or main) counter.
Alternatively, it might be a more sophisticated synchronization object provided by the host
framework and / or supported by the operating system or other related execution layers of

the system.

[00302] Further, a pointer to the buffer may be provided and stored into the same device
slot of the array A that corresponds to the GPU device. The buffer handle is used to access
the actual storage on the device. Its type may depend on the technology used to access /
interface with the device (e.g. OpenCL, MPI, OpenMP). The buffer handle may be provided
in the same call which provided the synch handle. Or it may be provided in a later call using
the synch handle to query the buffer pointer from the device. Or the creation of the buffer

may be implemented in a synchronous manner altogether.

[00303] As soon as the buffer is established (even if it is not yet known whether the buffer
creation is completed yet), the execution of the selected compute kernel is triggered. Such
triggering may be performed by queueing a corresponding command on a command queue

or similar, as provided by the low-level interface used to access the processing unit.

[00304] Both, the synch handle and the buffer handle are typically provided to the kernel.
The call, again, is performed asynchronously. It returns without waiting for the completion of
any (potentially time consuming) action associated with the call. The compute kernel waits
on the synch handle in case that the last operation was not finished and the buffer may not
be accessible yet. This waiting and any potentially expensive and/or time consuming
computations in the compute kernel are performed without delaying the host processor
thread.

[00305] The call which triggers the asynchronous execution of the compute kernels
provides a second synch handle to the host. The second synch handle is used to identify the
kernel operation later on. Note how both asynchronous operations are chained: the kernel
execution waits for the buffer creation. Hence the second synch handle returned is suitable
to identify a ready state of the device buffer after completion of all previous commands.
Therefore, it is sufficient to store the second synch handle by replacing the first one — which

is no longer needed at this point in the program.
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[00306] In other embodiments the synch handles may not be chainable. Each operation
may require a new handle to be generated. Synchronization may be performed without
support by the low — level device interface. In these embodiments is might be required to
implement a queue or a data structure similar to a queue in order to store and manage the
synchronization information associated with the above commands. Thereafter, the single
storage slot for a synch handle for each device might become a reference to a queue or

another collection. However, higher management overhead is expected in this case.

[00307] After the computation of rand(1000,2000) (seg_001 in Figure 10) was triggered,
the host stores the synch handle returned by the call in the array storage location slot for
device 2 and immediately continues with subsequent operations. The existence of the synch
handle in the storage location slot informs other consumers of the array that an operation
utilizing the array’s storage is still in progress. Operations which may have to consider sync
handle existence include accessing the buffer as output buffer (i.e.: modifying the buffer by a

kernel) and the release of the buffer.

[00308] According to line [4] of the above code list, the next operation involves the same
array A. At the time the host instruction counter reaches the corresponding segment (let’s

assume this is segment seg_042), the state of the completion of seg_001 it not determined.

[00309] Therefore, the host synchronizes the new segments execution with the previous
execution by providing the buffer handle and the synch handle stored in the array location
slot for device 2. The kernel immediately returns a new synch handle and waits for the synch
handle provided (if any) before starting execution. It must be noted that synch handles in
general are optional. The whole scheme or arbitrary combinations of individual devices may
also work synchronously or implement other schemes for synchronization. Note further that

the output of seg_0042 is omitted here for clarity.

[00310] According to line [5] of the above code list, the next operation requests a local
host array representing the array elements as a 1D system array object. Since A’s data so
far exist only on the GPU device 2 elements of A need to be copied to the host device 0.
This copy, again, is performed asynchronously. A new synch handle is returned immediately
from the copy command to the device 0 — this time corresponding to a new buffer on device
0. Similar to the array buffer creation above, a buffer handle may be returned immediately or
requested / stored later on. Alternatively, the copy of the data may be preceeed by an

explicit buffer creation command.
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[00311] Note that the buffer handle is read from the buffer on device 2 only. Since no
modifications are performed to the buffer on device 2, no new synch handle for device

location 2 is needed in this step.

[00312] It is assumed that the following instruction(s) are performed on the host,
accessing the system array returned from A.GetArrayForRead(). Therefore, it is to be

guaranteed that all elements have been copied to the device 0 buffer already.

[00313] For this purpose, a memory barrier may be introduced which allows to wait for the
completion of the copy operation by means of the synch handle in the device storage
location 0. Such memory barrier works in the same way known from common
synchronization methods and can be used to wait synchronously for the completion of
operations on any device. Similar wait mechanisms may be used, for example, when

attempting to release a buffer.

[00314] Finally, array A leaves the scope of the current code block. Since A is not
referenced anymore afterwards, the storages associated with A may be disposed as soon as
possible to free the memory areas consumed on the (limited) device memory. Such
disposals take the existence of any synch handles into account. The method may uses
implicit memory barriers (as with the WaitSynchHandle() method in Fig. 10) before releasing
the memory. Or asynchronous release operations may be used if the device interface

supports such.

[00315] Note that the method may or may not implement a 1:1 relation between array
objects and device buffers. For most efficient memory management, it might be desired to
allow multiple arrays to utilize / reference the same buffer storage, e.g. in a “lazy copy on-
write” scheme. Accordingly, the disposal of an array may not immediately lead to the release
of its buffers. Instead reference counting could be used to decrement a reference counter of
the shared storage object. The buffers are released as soon as the reference counter

indicates that no further arrays exist referencing this storage.

[00316] Asynchronous execution can help to keep the devices of a heterogeneous
computing system busy and to utilize the existing computing resources more efficiently and

therefore to finish the execution of the sequence earlier or to consume less energy.

[00317] When queueing a runtime segment for execution on a device, a measure for the
cost of the segment is computed (anyways). This measure can also be used as a

representation of the number of instructions ‘waiting’ in the queue. The accumulated
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measure of all segments currently ‘waiting’ in the queue for execution gives an indication

about the operations ‘ahead’ in the device queue.

[00318] Accordingly, also the fact that each item may correspond to an individual number

of (numeric) operations in the item can be taken into account.

[00319] The decision for the ‘optimal’ device may also be based on this cost ‘ahead'.
When a device has many segments in the queue it can be better to invest the cost of a data

buffer copy to another device and perform /queue the segment on the other device instead.

[00320] Furthermore, a low-level interface (e.g. OpenCL) may be configured to execute
the runtime segments in any order. If the low level device interface or the higher level
management layer decides that a different order than the order the segments were originally
lined up in the sequence is advantageous in terms of performance or other aspects and that
exchanging the order does not introduce negative side effects to the sequence results, it

may rearrange the order of execution.

[00321] Rearranging the order of execution may even allow executing some runtime
segments on multiple devices concurrently. For example, rearranging a sequence of
segments may group together such segments which depend on each other’s result(s). Also,
it can group together such segments, which require the same or mostly the same arguments
/ data buffers. The grouping can also happen based on the current locality of the data
buffers. All this can increase the chance for such groups of segments to be concurrently
executable in an efficient manner on multiple devices. For example, a first group of
rearranged runtime segments may be asynchronously executed on the first device while
subsequent runtime segments forming a second group may be queued to the second device
for asynchronous execution. Since data dependencies between the groups are kept low,

both runtime segment groups can be executed with low synchronization effort.

[00322] Accordingly, the method is able to keep many or even all of the devices busy to

an advantageous degree. Thus, computing resources are better utilized.

[00323] According to an embodiment, a computer-implemented method includes
identifying a program segment in a program code, typically a sequence of program
segments. The program segment includes a computing instruction, typically a numerical
operation, for a first data structure capable of storing multiple elements of a first common
data type and a function meta information comprising data related to an output of the
computing instruction. A first processing unit and a second processing unit of a computing

system which are suitable for executing a respective compiled representation (typically a
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compute kernel) of the program segment are determined. The first processing unit is
different from the second processing unit. The first processing unit is initialized with a first
compiled representation of the program segment and the second processing unit is
initialized with a second compiled representation of the program segment. The function meta
information and a data meta information of a runtime instance of the first data structure are
used to determine first expected costs of executing the first compiled representation on the
first processing unit and to determine second expected costs of executing the second
compiled representation on the second processing unit. The first expected costs and the
second expected costs are used to select either the first processing unit or the second
processing unit for executing the respective compiled representation, typically the
processing unit with lower expected costs. The first and second costs are typically

numerically determined (numerically calculated).

[00324] Alternatively, the first expected costs and the second expected costs may be
used to select either only one of the first processing unit and the second processing unit for
executing the respective compiled representation or to determine respective shares of a
workload of executing the respective compiled representation on the first processing unit and

on the second processing unit.

[00325] Sharing the workload may be invoked if the computing instruction is suitable for
executing on portions of the runtime instance. This is in particular the case for computing
instructions that can be performed element by element or on separable regions of the data.
Examples include numerical operations such as adding matrices, calculating a function of a

matrix A such as sin(A) and smoothing data.

[00326] Sharing the workload is typically achieved by assigning a first portion of the
runtime instance to the first processing unit and assigning a second portion of the runtime
instance to the second processing unit. The workload may be shared according to the
expected costs, for example inversely related to the expected costs, and / or expected
execution time. The expected execution time may be derived from the expected costs and

the actual availability or workload of the processing units.

[00327] Typically, the workload is shared if a runtime size of the runtime instance is
sufficiently large and/or if it is found or anticipated that the utilization of at least one
processing unit available on the system is low compared to other processing units. In the
latter case the runtime segment, the compiler at runtime or a scheduling module may decide

to share the underutilized processing unit(s) with one or more devices with higher utilization
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in order to distribute at least some of the workload from the busy device(s) to the

underutilized device(s).

[00328] Shared devices may form so called ‘virtual devices’ and are especially useful if
asynchronous execution and out of order execution is not available for the processing units.
This may be the case if the underlying low-level interface handling the access of the
processing units does not support such features and/or if the instructions show too many
dependencies so that a reordering of instructions / segments and/or a distribution of

segments over multiple devices is not possible or not feasible.

[00329] Furthermore, when instances of data structures span the memory of multiple
devices (distributed memory) virtual devices enable the devices involved in the execution of
segments with such distributed instances to be used according to this invention. The virtual

device is thereby considered a processing unit and handled as described above.

[00330] Another scenario where virtual devices are advantageous for the performance of
execution sequences are shared memory devices, for example CPUs sharing memory with
GPU devices. Here, a virtual device comprising all or parts of the CPU cores and all or parts
of the GPU cores may expose higher computational capabilities than the underlying
separate devices. Since no transfer costs are involved (due to the shared memory)
substituting either one of the underlying devices with the virtual device will lead to higher

execution performance.

[00331] According to an embodiment, a computer-readable medium stores instructions
which, when executed by a computer, cause the computer to carry out any of the above
explained methods and/or at least one of the following processes that may at least partially
be implemented as an API (Application Programming Interface): retrieving software code,
typically a user code written in a GPL or in a scientific computing language such as
MATLAB or NumPy, identifying in the software code a program segment comprising a
numerical operation for a first data structure capable of storing multiple elements of a
common data type, determining a function meta information referring to an output of the
numerical operation, in particular a size of the output, a structure of the output, and/or an
effort for generating the output, determining the processing units of the computer or another
heterogeneous computing system as suitable for performing the numerical operation, and
translating the program segment into an intermediate representation, in particular a byte
code representation, or into a representation which is executable on the computer or the
other heterogeneous computing system, in particular a runtime segment of the program

segment.
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[00332] Typically, the runtime segment includes the function meta information, a compute
kernel for each of the determined processing units and executable code for determining
expected costs for executing the compute kernels with a runtime instance of the first data
structure using the function meta information and a data meta information of the runtime
instance of the first data structure. The data meta information may include a runtime size
information of the runtime instance, a runtime location information of the runtime instance,

and a runtime type information of the runtime instance.

[00333] Determining the function meta information may include reading the function meta
information if they are already stored in the software code, searching in a look-up table
storing function meta information for (already) known numerical operations such as adding,
sinus, FFT (fast Fourier transform) etc. and/or even deriving the function meta information

based on test runs.

[00334] According to an embodiment of a computer-implemented method, the method
includes initializing a first processing unit of a heterogeneous computing system with a first
compute kernel and a second processing unit of the heterogeneous computing system with
a second compute kernel. Both the first compute kernel and the second compute kernel are
configured to perform a numerical operation derived from a program segment which is
configured to receive a first data structure storing multiple elements of a common data type.
The program segment includes a function meta information including data related to a size of
an output of the numerical operation, a structure of the output, and/or an effort for generating
the output. The function meta information and a data meta information of a runtime instance
of the first data structure are used to determine first expected costs of executing the first
kernel on the first processing unit to perform the numerical operation with the runtime
instance and to determine second expected costs of executing the second kernel on the
second processing unit to perform the numerical operation with the runtime instance. The
data meta information includes at least one of a runtime size information of the runtime
instance, a runtime location information of the runtime instance, a runtime synchronization
information of the runtime instance and a runtime type information of the runtime instance.
The method further includes one of executing the first compute kernel on the first processing
unit to perform the numerical operation on the runtime instance if the first expected costs are
lower than or equal to the second expected costs, and executing the second compute kernel
with the second processing unit to perform the numerical operation with the runtime instance

if the first expected costs are higher than the second expected costs.

[00335] According to an embodiment of a computer-implemented method, the method

comprises initializing a heterogeneous computing system comprising a first processing unit
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and a second processing unit with a runtime segment for performing a numerical operation
with a first data structure storing multiple elements of a common data type. The runtime
segment comprises a first compute kernel configured to perform the numerical operation on
the first processing unit, a second compute kernel configured to perform the numerical
operation on the second processing unit, and a function meta information comprising a first
numerical effort for performing the numerical operation with one element of the common
data type on the first processing unit and a second numerical effort for performing the
numerical operation with one element of the common data type on the second processing
unit. A runtime instance of the first data structure is created in the heterogeneous computing
system. A data meta information of the runtime instance is determined. The data meta
information comprises a runtime size information of the runtime instance and a runtime
location information of the runtime instance. The data meta information and the function
meta information are used to (numerically) calculate first expected costs of executing the first
compute kernel on the first processing unit to perform the numerical operation with the
runtime instance and to (numerically) calculate second expected costs of executing the
second compute kernel on the second processing unit to perform the numerical operation
with the runtime instance. The first compute kernel is executed on the first processing unit to
perform the numerical operation with the runtime instance if the first expected costs are
lower than or equal to the second expected costs. Otherwise, the second compute kernel is
executed on the second processing unit to perform the numerical operation with the runtime

instance.

[00336] The function meta information may further comprise data related to a size of an

output of the numerical operation, and /or data related to a structure of the output.

[00337] Prior to calculating the first and second expected costs, the function meta
information, in particular the first and second numerical efforts are typically updated in
accordance with determined properties of the first processing unit and determined properties

of the second processing unit.

[00338] Furthermore, the first compute kernel and/or the second compute kernel may be
updated in accordance with determined properties of the first processing unit and
determined properties of the second processing unit, respectively, prior to calculating the

first and second expected costs.

[00339] The runtime segment typically includes control code for calculating the first and
second costs and/or dynamically deciding based on the first and second costs on which of

the processing units the respective compute kernel is to be executed.
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[00340] The runtime segment may be derived from a program segment defining the

numerical operation.

[00341] Although various exemplary embodiments of the invention have been disclosed, it
will be apparent to those skilled in the art that various changes and modifications can be
made which will achieve some of the advantages of the invention without departing from the
spirit and scope of the invention. It will be obvious to those reasonably skilled in the art that
other components performing the same functions may be suitably substituted. It should be
mentioned that features explained with reference to a specific figure may be combined with
features of other figures, even in those cases in which this has not explicitly been mentioned.
Such modifications to the inventive concept are intended to be covered by the appended

claims.

” ”

[00342] As used herein, the terms “having”, “containing”, “including”, “comprising” and the
like are open ended terms that indicate the presence of stated elements or features, but do
not preclude additional elements or features. The articles “a”, “an” and “the” are intended to

include the plural as well as the singular, unless the context clearly indicates otherwise.

[00343] With the above range of variations and applications in mind, it should be
understood that the present invention is not limited by the foregoing description, nor is it
limited by the accompanying drawings. Instead, the present invention is limited only by the

following claims and their legal equivalents.
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CLAIMS

What is claimed is:

1.

A computer-implemented method comprising:

one of;

initializing a first processing unit (71) of a heterogeneous computing
system with a first compute kernel (140-144) and a second processing unit
(72) of the heterogeneous computing system with a second compute
kernel (150-154), wherein each of the first compute kernel (140-144) and
the second compute kernel (150-154) is configured to perform a numerical
operation derived from a program segment (220) configured to receive a
first data structure (A) storing multiple elements of a common data type,
the program segment (220) comprising a function meta information
comprising data related to a size of an output of the numerical operation, a

structure of the output, and/or an effort for generating the output;

using the function meta information and a data meta information of a
runtime instance (A1) of the first data structure (A) to numerically calculate
first expected costs of executing the first compute kernel (140-144) on the
first processing unit (71) to perform the numerical operation with the
runtime instance (A1) and to numerically calculate second expected costs
of executing the second compute kemnel (150-154) on the second
processing unit (72) to perform the numerical operation with the runtime
instance (A1), wherein the data meta information comprises a runtime size
information of the runtime instance (A1) and a runtime location information

of the runtime instance (A1); and

executing the first compute kernel (140-144) on the first processing unit
(71) to perform the numerical operation on the runtime instance (A1) if the
first expected costs are lower than or equal to the second expected costs;

and

executing the second compute kemel (150-154) on the second processing
unit (72) to perform the numerical operation on the runtime instance (A1) if

the first expected costs are higher than the second expected costs.

The method of claim 1, wherein the program segment (220) is further configured

to receive a second data structure capable of storing multiple elements of the

55



WO 2018/197695 PCT/EP2018/060932

common data type or another common data type, wherein a data meta
information of a runtime instance of the second data structure is used to
numerically calculate the first expected costs and the second expected costs,
and wherein the data meta information of the runtime instance of the second
data structure information comprises a runtime size information of the runtime
instance of the second data structure and a runtime location information of the

runtime instance of the second data structure.

The method of any preceding claim, wherein the respective data meta
information further comprises a runtime synchronization information of the
respective runtime instance (A1), and/or a runtime type information of the

respective runtime instance (A1).

The method of any preceding claim, wherein at least one of the first data
structure (A), the runtime instance (A1) of the first data structure (A), the runtime
instance of the second data structure and the second data structure is capable to
store a variable number of elements of the respective common data type,
wherein at least one of the first data structure, the runtime instance (A1) of the
first data structure (A), the runtime instance of the second data structure and the
second data structure is capable to store and/or comprises at least one of a
collection, a vector, an array, a list, a queue, a stack, a graph, a tree and a n-
dimensional rectilinear data structure, wherein at least one of the runtime
instance (A1) of the first data structure (A) and the runtime instance of the
second data structure comprises an image, wherein at least one of the runtime
instance (A1) of the first data structure (A) and the runtime instance of the
second data structure comprises measured data, and/or wherein the numerical

operation is an array operation.

The method of any preceding claim, wherein at least one of the first data
structure (A), the runtime instance (A1) of the first data structure (A), the runtime
instance of the second data structure, and the second data structure is capable
to store a respective runtime meta information, and/or wherein the runtime meta
information comprises a runtime size information, a runtime location information,

a runtime synchronization information, and / or a runtime type information.

The method of any preceding claim, wherein a polynomial cost function is used
for calculating the first and second expected costs, wherein calculating the first
and second expected costs comprises at least one of determining computational

costs and determining transfer costs; and/or wherein the first and second
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expected costs are calculated during runtime and/or after initializing the first

processing unit (71) and the second processing unit (72).

The method of any preceding claim, wherein the effort for generating the output
is used for calculating the first expected costs and the second expected costs,
wherein the effort for generating the output comprises a first numerical effort for
performing the numerical operation with one element of the common data type
on the first processing unit (71) and a second numerical effort for performing the
numerical operation with one element of the common data type on the second
processing unit (72), wherein the first numerical effort is updated in accordance
with determined properties of the first processing unit (71) and/or wherein the
second numerical effort is updated in accordance with determined properties of

the second processing unit (72).

The method of any preceding claim, prior to initializing the first processing unit
(71) and the second processing unit (72) further comprising executing a control
kernel on the heterogeneous computing system, wherein the control kernel is
configured to determine properties of the first processing unit (71) and the
second processing unit (72), to update the function meta information in
accordance with determined properties of the first processing unit (71) and the
second processing unit (72), to calculate the first expected costs and the second
expected costs, to select based on the first expected costs and the second
expected costs the first processing unit (71) or the second processing unit (72)
for executing the respective compute kernel and/or to initiate executing the

respective compute kernel on the selected processing unit (71, 72).
The method of any preceding claim, further comprising at least one of:

— determining properties of the first processing unit (71) and/or the second

processing unit (72);

— updating the respective function meta information in accordance with the
determined properties of the first processing unit (71) and/ or determined

properties of the second processing unit (72);

— determining the first processing unit (71) and the second processing unit

(72) as suitable for performing the numerical operation;

— determining, at runtime and prior to calculating the first and second
expected costs, at least one of a dimension of the first data structure and a

number of stored elements in the first data structure; and
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— determining, at runtime and prior to calculating the first and second
expected costs, at least one of a dimension of the runtime instance of the
second data structure and a number of stored elements in the runtime

instance of the second data structure.
10. The method of any preceding claim, further comprising:

— initializing the first processing unit (71) with a further first compute kernel
(140-144) and the second processing unit (72) with a further second
compute kernel (150-154), wherein each of the further first compute kernel
(140-144) and the further second compute kernel (150-154) is configured
to perform a further numerical operation derived from a subsequent
program segment (221) configured to receive the first data structure (A)
and/or a further data structure storing multiple elements of the common
data type or another common data type and representing the output of the
numerical operation, wherein the subsequent program segment (221)
comprises a further function meta information comprising data related to a
size of an output of the further numerical operation, a structure of the
output of the further numerical operation, and/or an effort for generating the

output of the further numerical operation; and/or

— using the further function meta information and at least one of a data meta
information of a further runtime instance of the further data structure and
the data meta information of the runtime instance (A1) of the first data
structure (A) to numerically calculate further first expected costs of
executing the further first compute kernel (140-144) on the first processing
unit (71) to perform the further numerical operation with the runtime
instance (A1) and/or the further runtime instance, and to numerically
calculate second expected costs of executing the second compute kernel
(150-154) on the second processing unit (72) to perform the further
numerical operation with the runtime instance (A1) and/or the further
runtime instance, wherein the data meta information of the further runtime
instance comprises a runtime size information of the further runtime
instance and/or a runtime location information of the further runtime

instance.

11. The method of any preceding claim, wherein the numerical operation is an
instruction of a reduced set of computing instructions for the first data structure

(A) and/or the second data structure, and/or wherein the further numerical
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operation is an instruction of the reduced set of computing instructions for the

first data structure (A) and/or the further data structure.

The method of any preceding claim, further comprising at least one of:

identifying the program segment (220) in a program code;
identifying the subsequent program segment (221) in the program code;

creating from the program segment (220) a runtime segment (32)
comprising the first compute kernel (142), the second compute kernel

(152), and the function meta information;

creating from the subsequent program segment (221) a subsequent
runtime segment comprising the further first compute kernel, the further

second compute kernel (152), and the further function meta information;

translating the respective program segment (220, 221) into an intermediate
representation, in particular a byte code representation or into a respective
representation facilitating the execution on the first processing unit (71) and

the second processing unit (72);

updating the respective runtime segment in accordance with the
determined properties of the first processing unit (71) and/ or properties of

the second processing unit (72); and

compiling at least one of the intermediate representation, the byte code
representation and the respective representation facilitating the execution
on the first processing unit (71) and the second processing unit (72) into
the respective compute kernels (130-134,140-144,150-154).

The method of any preceding claim, wherein the program segment (220) is
translated into at least one of a representation facilitating the execution on a host
processor (73) of the heterogeneous computing system, a representation
facilitating the execution on single core CPU of the heterogeneous computing
system, a representation facilitating the execution on a multicore CPU of the
heterogeneous computing system, a representation facilitating the execution on
a CPU vector extension of the heterogeneous computing system, a
representation facilitating the execution on a GPU of the heterogeneous
computing system, a representation facilitating the execution on a SIMD
accelerator of the heterogeneous computing system, a representation facilitating

the execution on a DSP of the heterogeneous computing system, a
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representation facilitating the execution on a microprocessor of the
heterogeneous computing system, a representation facilitating the execution on
a microcontroller of the heterogeneous computing system,a representation
facilitating the execution on an virtual device of the heterogeneous computing
system, and a representation facilitating the execution on an FPGA of the

heterogeneous computing system.
The method of any preceding claim, further comprising at least one of:

— identifying in the program code a sequence (210) comprising several
program segments (220-222) each being configured to receive the first
data structure (A) and/or a second data structure (B) storing multiple
elements of the common data type or another common data type, and
comprising a function meta information comprising data related to a size of
an output of the numerical operation, a structure of the output, and/or an

effort for generating the output;

— creating from each of the program segments (220-222) a respective
runtime segment (30-34) so that each of the runtime segments (30-34)
comprise a respective first compute kernel, a respective second compute
kernel, and respective function meta information referring to a respective
numerical operation for the runtime instance of the first data structure (A1)

and/or a runtime instance of the second data structure;

— calculating respective first and second expected costs for executing the

first and second compute kernels of each runtime segment (30-34); and

— using the respective first expected costs and the respective second
expected costs to decide on which of the first processing unit (71) and the

second processing unit (72) the respective compute kernel is executed.

A computer-readable medium comprising instructions which, when executed by
a computer comprising a first processing unit (71) and a second processing unit

(72) cause the computer to carry out the method of any preceding claim.
A heterogeneous computing system comprising:

— amemory storing a runtime segment (30-34) of a program segment
configured to receive a first data structure (A) capable to store multiple
elements of a common data type, the program segment comprising a

function meta information comprising data related to a size of an output of
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a numerical operation of the program segment, a structure of the output,

and/or a numerical effort for generating the output; and
— at least two different processing units (71, 72),

— wherein each of the at least two different processing units (71, 72) has
access to and/or forms a part of the memory storing a respective compute
kernel of the runtime segment (30-34), each compute kernel implementing

the numerical operation,

wherein the runtime segment (30-34) comprises executable code for
determining a data meta information of a runtime instance (A1) of the first data
structure (A), the data meta information comprising a runtime size information
of the runtime instance (A1) and a runtime location information of the runtime

instance (A1),

wherein the runtime segment (30-34) comprises executable code using the
function meta information and the data meta information to calculate for each
of the at least two different processing units respective expected costs of
executing the respective compute kernels (130-134, 140-144, 150-154) to

perform the numerical operation with the runtime instance (A1), and

wherein the runtime segment (30-34) comprises executable code for selecting
one of the at least two different processing units for executing the respective
compute kernel, the calculated expected costs of the selected one of the at
least two processing units corresponding to a lowest value of the determined

expected costs.

The heterogeneous computing system of claim 16, wherein the heterogeneous
computing system comprises a base processor coupled with the at least two
different processing units (71, 72), wherein the base processor is configured to
load the respective compute kernels to at least one of the at least two different
processing units (71, 72), wherein the heterogeneous computing system is a
heterogeneous computer, wherein the base processor is a host processor of a
host controller of the heterogeneous computer, wherein the base processor
forms one of the at least two different processing units, wherein at least one of
the at least two different processing units are selected from the group consisting
of a single core CPU, a multicore CPU, a CPU vector extension, a GPU, a SIMD
accelerator, a DSP, a microprocessor, a microcontroller, and an FPGA, and/or
wherein at least one of the at least two different processing units comprises at

least one single core CPU, at least one multicore CPU, at least one CPU vector

61



18.

WO 2018/197695 PCT/EP2018/060932

extension, at least one GPU, at least one SIMD accelerator, at least one DSP, at
least one microprocessor, at least one microcontroller, and/or at least one
FPGA.

The heterogeneous computing system of claim 16 or 17, wherein the data meta
information comprises at least one of a runtime synchronization information of
the runtime instance (A1), and a runtime type information of the runtime instance
(A1), and/or wherein the heterogeneous computing system is configured to

perform the methods of any of the claims 1 to 10.
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