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A BSTRACT
Hardware in various environments such as High Performance Computing, the Internet of Things
and Embedded Systems has become heterogeneous in order to improve computational performance.
Customising the hardware for particular application domains as well as the use of accelerators such
as GPUs, TPUs, DSPs, FPGAs is attractive as it can lead to performance improvements of up to three
orders of magnitude compared to general-purpose processors. Recent technological developments
and paradigms in compilers, profilers, and run-time systems are creating new opportunities for
heterogeneous computing. However, these are also posing several new challenges and creating the
need for new approaches and research strategies, as well as the re-evaluation of the models that
were developed to address issues such as application models, programming models, middleware,
scalability, security and sustainability. The proposed paper identifies the major open challenges in
heterogeneous computing, emerging trends, and impact areas. It then offers a future research agenda,
thus helping in the realisation of Future Generation Heterogeneous Computing.
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Introduction

Information and Communication Technology (ICT) has tremendous potential to improve safety, convenience, and
comfort in our daily lives. There is a paradigm shift in areas such as High Performance Computing, the Internet of
Things (IoT) and Embedded Systems in which their deployment and operation demand the use of hardware platforms
that are able to manage the steadily increasing requirements in computing performance, energy efficiency, security and
the adaptability.
The exploitation of the capabilities offered by customised heterogeneous hardware such as heterogeneous CPU+GPU
chips, heterogeneous multi-processor clusters, Multi-Processor System on Chip (MPSoC), Field-Programmable Gate
Arrays (FPGA) and Application-Specific Integrated Circuits (ASIC), all of which with various memory hierarchies,
size and access performance properties, becomes attractive.
However, the design and development of software architectures for applications to execute on a set of heterogeneous
hardware devices to achieve the expected performance is complex. For example, mapping software components onto
heterogeneous hardware processing devices must not only consider performance, but other factors such as energy
consumption and data transfer as well.
1.1

Motivations and Goals of the Paper

Throughout the evolution of heterogeneous computing and its increasing adoption, not only have the hardware
aforementioned architectures advanced and new ones emerged, but also the technologies in which this paradigm is
based (e.g., virtualisation) have continued to progress. Moreover, there has also been a rise in the type and number of
specialised computing services that aid industries in creating value by being easily configured to meet specific business
requirements. Examples of these are emerging, easy-to-use, often Cloud-based services include Amazon EC2 F1
FPGAs instances to enable delivery of custom hardware accelerations [1], and Google Tensor Processing Unit (TPU), a
custom-designed machine learning ASIC [2].
As the impact of heterogeneity on computing tasks is rapidly increasing, innovative architectures, algorithms, and
specialised programming environments and tools are needed to efficiently use these mixed and diversified parallel
architectures. One of the major challenges to exploit their benefits, in data centric and emerging domains, is the
complexity in designing and maintaining a software stack that can deliver such benefits. Developers need to fully
understand the nuances of different hardware configurations and software systems (both rapidly evolving), as well as
consider additional difficulties in performance, security mixed-criticality and power consumption resulting from the
heterogeneous system [3].
The adoption of heterogeneous computing will therefore continue to increase and support for related emerging models
and services is of paramount importance. The vendor ecosystem will continue evolving, with new heterogeneous
hardware leading the way and a strong increasing adoption rate for non-x86 processors, such as FPGAs , among others.
According to Allied Market Research [4], the FPGA market was valued at $3.92B in 2014 and is expected to reach up
to $7.23B by 2022, at a CAGR of 7.41% between 2016 and 2022. Moreover, Intel expects a CAGR of 7% between
2014 and 2023 reaching revenues of $8.9 billion at the end of the forecast period. The GPU market size is expected to
reach $157.1 billion by 2022, growing at a CAGR of 35.6% during the period, 2016-2022.
This extensive usage of heterogeneous computing in various emerging domains is posing several new challenges and
is forcing a rethink of the research strategies to address issues such issues such as programming models, resource
management, scalability, and security for the realisation of next-generation heterogeneous computing environments.
This comprehensive manifesto brings these advancements together and identifies open challenges that need to be
addressed for such realisation. We envision that identified research directions get addressed and will impact the next
generations of heterogeneous computing technologies, infrastructures, and applications.
The manifesto first discusses major challenges in heterogeneous computing, investigates their state-of-the-art solutions,
and identifies their limitations. It discusses the emerging trends and impact areas, that further drive heterogeneous
computing challenges. The manifesto then offers comprehensive future research directions in the heterogeneous
computing horizon. Figure 1 illustrates the main components of the heterogeneous computing paradigm and positions
the identified trends and challenges, which are discussed further in the next sections.
The rest of the paper is organised as follows: Section 2 discusses the state-of-the-art of the challenges in heterogeneous
computing and identifies open issues. Section 3 discusses the emerging trends and impact areas related to the
2
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Figure 1: Components of the Heterogeneous Computing Paradigm
heterogeneous computing horizon. Section 4 provides a detailed discussion about the future research directions to
address the open challenges of heterogeneous computing. Section 5 concludes the manifesto.

2

Challenges: State-of-the-Art and Open Issues

Heterogeneous Computing is extensively utilised in hosting a wide variety of applications, e.g. Cyber Physical Systems,
which are deployed in many different contexts and application domains such as healthcare, autonomous vehicles, traffic
management, edge video orchestration, and industrial IoT. It still poses several challenges such as issues with hardware
heterogeneoty, programming models heterogeneity, resource management, and sustainability among others. Over the
past decade, these challenges were systematically addressed and the state-of-the-art in heterogeneous computing has
advanced significantly. However, there remains several issues open. The rest of the section identifies and details the
main challenges in heterogeneous computing and their state-of-the-art, along with the limitations driving their future
research.
2.1

Applications and Software

Nowadays there exists a guide range and very specialised set of applications, such as Machine Learning, Deep Learning,
Big Data, Cyber Physical Systems (CPS), Internet of Things (IoT), connected smart objects, High Performance
Computing (HPC), mobile computing, wearable computing. The strict requirements for fast processing and the high
demand for those applications mean that software written for those application domains is quite likely to be executed on
heterogeneous hardware, such as GPUs, FPGAs, or even custom designed hardware such as Tensor Processing Units
(TPUs) for deep learning. However, for these applications to fully exploit the benefits of heterogeneous platforms, there
is a need to design more flexible software abstractions that facilitate programming while increasing productivity and
rapid changes of computer software.
Those abstractions require the knowledge, from the programmers’ perspective, about parallel design patterns, such
as Map/Reduce [5] and structured parallel skeletons [6] such as fork/join, stencils, scan, gather and scatter. Those
conform the core set of algorithmic skeletons to implement by programmers that want to use heterogeneous and parallel
hardware. There are many frameworks and compute libraries that gather all these algorithmic skeletons in such as way
that programmers only have to worry about what problem to solve, and not how to write efficient code.
However, every time that new heterogeneous hardware come along, such as the use of FPGAs, or custom designed
hardware, knowing the skeletons to use is not enough. This is due to the programming models and abstraction are
quite far from the actual hardware. In some sense, this is good. However, when the application requirements are
peak performance and very low power consumption, developers needs to take care of every little detail regarding the
heterogeneous computing architecture, such as use of registers, how to decrease latency, how to increase throughput, etc.
3
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This strategy makes software much harder to maintain and evolve. Therefore the real challenge regarding computing
software applications is how to find the balance between productivity and compliance with the requirements such as
low energy consumption and high-performance.
2.2

Hardware Heterogeneity

Nowadays, practically all computing systems contain some sort of heterogeneous hardware, such as dedicated GPUs,
integrated GPUs inside the main CPUs, and new custom designed hardware. This new heterogeneous hardware are
contained in multiple devices that society use in daily basis. This ranges from mobile devices, to tablets, laptops and even
data centers, which also include Field Programmable Gate Arrays (FPGAs) to increase performance while decreasing
energy consumption. This Section presents the challenges that accompanies this new heterogeneous hardware.
Due to the heterogeneous hardware present in modern computing systems, applications will require efficient support
from those heterogeneous hardware, irrespective of their application domain: embedded, mobile, cloud, big data,
machine and deep learning, etc. The new hardware should guarantee the application requirements, such as performance
for real-time and safety-critical applications. Heterogeneity hardware is considered at two levels: 1) Macro level:
networks of distributed computers (clouds, clusters), composed by diverse node architectures (single, multi-core),
are interconnected with potentially heterogeneous networks, and 2) Micro level: deeper memory hierarchies (main,
cache, disk storage, tertiary storage) and various accelerator architectures (fixed and programmable, e.g., GPUs, and
reconfigurable, such as FPGAs).
At macro level, cloud computing has become the dominant model for end-users to access centrally managed computational resources. For example, Amazon Web Services and Microsoft Azure provide users with access to a homogeneous
set of commodity hardware, with details of the hardware obscured through virtualisation. If cloud users are to be able to
take advantage of the performance and efficiency of heterogeneous computing, the cloud software stack must recognise
and support this heterogeneity. This is challenging due to the complexity of the software stack.
At micro level, one promising accelerator architecture is the employment of energy-efficient reconfigurable resources
(in the form of FPGAs) tightly integrated with conventional CPUs. One of the main problem with this approach is that
today’s FPGA tools and programming environments are usually optimised for accelerating a single application or task
on a single FPGA device.
2.3

Heterogeneous Programming Models

One of the most important challenges to address with heterogeneous architectures is their programmability. Hardware
architectures (such as multi-cores, GPUs or FPGAs) require specific programming models. Notice that in this paper,
we borrow the term programming model from McCormick et al. [7] that can be seen as an abstraction to facilitate
development of diverse and heterogeneous hardware. This term is often confused with the programming language itself.
We believe that a programming model is independent of the programming language, in which data representation and
execution control differ from the base programming language, and, therefore, need to be explained to understand how
programs are executed on heterogeneous hardware.
We can classify heterogeneous programming models in the following categories:
• Directive-based programming models.
• Explicit parallel programming models.
• Domain specific embedded programming models.
• Reconfiguration hardware programming models.
This section provides an overview of each of these heterogeneous programming models and shows the trade-offs
between them.
Directive-based parallel programming Popular and mainstream programming languages, such as C/C++ and Java,
have no language abstractions to express parallelism, or in other words: parallelism is not part of the programming
model of the base language. The idea behind directives, or code-annotations, is that programmers can execute legacy
and sequential code, created for a single thread execution, on heterogeneous and parallel devices such as GPUs and
FPGAs. This strategy splits the code at least into two main parts: the code that is executed on the host part (i.e., the
main CPU), and the code that will be executed on the device (e.g., a GPU or an FPGA). When the code is executed on a
device, the execution and data-flow diverges from the base programming language.
4
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Listing 1: Sketch of code that shows a vector addition in OpenACC.
1
2
3
4

#pragma acc kernels copyin(a[0:n],b[0:n]), copyout(c[0:n])
for(i = 0; i < n; i++) {
c[i] = a[i] + b[i];
}

1
2
3
4
5
6
7

#pragma omp target data map(to:a[:n],b[:n]) map(from:c[:n])
{
#pragma omp target teams distribute parallel for schedule(static, 1)
for(i=0; i<n; i++) {
c[i] = a[i] + b[i];
}
}

Listing 2: Sketch of code that shows a vector addition in OpenMP 4.5.

The main two standards are OpenACC [8] and OpenMP 4.0 [9], in which developers add annotations (or pragma
directives) to their existing loops to inform to an underlying compiler that some regions of the code can be parallelized.
Because annotation are not actually part of the syntax’s programming language, they can be ignored. Instead, the
preprocessor tool is the responsible for analysing the annotations and injects the corresponding runtime calls that make
the code to be parallelized. To illustrate the use of directives, Listing 1 shows an example of a sequential C code for
computing vector-addition computation using OpenACC. Observe that the loop that performs the vector-addition is
annotated with a set of OpenACC directives, such as kernel, to indicate that the following for-loop can be offloaded
to a heterogeneous device; and the directives copyin and copyout, that indicates which variables need to be copied
from the host (the main CPU), to the target device (e.g., a GPU). Note also that those directives can be considered
low-level, which means that developers are responsible for identifying the potential parallel kernels that are good fit for
running on heterogeneous hardware, and annotate all parameters needed to make it work.
Similarly, OpenMP 4.0 introduced a set of new directives and annotations that extends the multi-core shared memory
programming to heterogeneous hardware. Listing 2 shows the same example of how to perform a vector addition but
using OpenMP 4. One of the main differences comparing to OpenACC is that OpenMP 4 is much more verbose. This
is due to the fact that OpenACC was created with the GPU execution and data model in mind. However, the origins of
OpenMP were to support a standard for parallel computation on shared memory machine for multi-core and multiple
CPUs. Therefore OpenMP 4 needs to keep compatibility of legacy OpenMP applications. If we break down the line 1
in Listing 2 we see that the target directive is used. This indicates that the following region (for-loop) can be offloaded
to an accelerator (that includes a multi-core CPU or a GPU). Then it specifies how data should be seen by the host. We
indicate a copy from host to the target device the variable a and b and then a copy from device to host. The second
pragma-directive in line three defines how threads are organized and executed on the target device. As the reader can
see, OpenMP 4 is lower-level compared to OpenACC to express the same computation. OmpSs [10] is also another
parallel programming model based on directives that makes use of multi-core systems, GPUs and FPGAs and it is built
on top of OpenMP 4, and it follows similar approach than OpenMP 4 for annotating sequential C-programs to execute
on heterogeneous devices.
All of these directive-based programming models use C/C++ and Fortran programming languages as the main targets for
expressing applications that are normally used in the context of high-performance computing (HPC) and shared-memory
machines. However, these models can be easily integrated into distributed memory systems that uses, for example
message passing, such as MPI [11], map-reduce computation [12, 6] or reactive programming [13], just to name a few.
The main advantages of directive-based approach is that the main C/C++ or Fortran code remains almost the same as
the sequential version, and annotations are taken as hints by the compilers to generate runtime calls that can compile a
C-code into a parallel code suitable for heterogeneous devices (e.g., a GPU). The main disadvantage is that, although
their simplicity, they require expertise from the user’s perspective to efficiently generate and accelerate code on the
heterogeneous device. One typical example is OpenMP, as we showed in Listing 2, which requires a lots of directives
and loop-annotations in the right order to be able to achieve high-performance using GPUs.
Explicit Heterogeneous Programming Models As an alternative for annotating sequential code, there are the
explicit and new heterogeneous programming models that extend the existing programming languages such as C and
C++. Depending on the target device, we find different tools. The two most common for targeting GPUs are CUDA [14]
5
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Listing 3: Vector Addition in expressed in CUDA
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18

__global__ void addgpu(float *a, float *b, float *c) {
int tid = blockIdx.x;
c[tid] = a[tid] * b[tid];
}
void compute(float *a, float *b, float *c) {
// Allocate the memory on the GPU
cudaMalloc((void **)&dev_a, N*sizeof(float));
cudaMalloc((void **)&dev_b, N*sizeof(float));
cudaMalloc((void **)&dev_c, N*sizeof(float));
// Memory transfers: CPU to GPU
cudaMemcpy(dev_a, a, N*sizeof(float),cudaMemcpyHostToDevice);
cudaMemcpy(dev_b, b, N*sizeof(float),cudaMemcpyHostToDevice);
// Launch CUDA Kernel into GPU
addgpu<<< N, 1 >>>(dev_a, dev_b, dev_c);
// Memory transfers: GPU to CPU
cudaMemcpy(c, dev_c, N*sizeof(int), cudaMemcpyDeviceToHost);
}

and OpenCL [15]. What these models have in common is that there is a clear separation between the host code (the
code that is executed on the main machine -such as a CPU- and the device code as the code that is executed on the
target accelerator.
OpenCL is an standard supported by the Khronos Group that allows programmers to use any compatible heterogeneous
hardware with the same source, such as CPUs, GPUs and FPGAs. CUDA is a tool created and supported by NVIDIA,
and it only works with NVIDIA GPUs. An OpenCL program is composed of two main parts: the main host source code,
that is statically compiled, as any other C/C++ program; and the device code, that is normally compiled at runtime by the
driver implementation of the language itself (AMD driver, CUDA driver and Intel drivers are the main implementations
for OpenCL).
In the case of CUDA, the source code is also split into two sections, the host code and the device code. Beginner CUDA
programmers can use CUDA syntax. In this case, programmers need to compile with a separated compiler (nvcc) to
obtain the binary. CUDA also provides a low-level API abstraction in which programmers explicitly provide a CUDA
source and this is compiled and linked at runtime using the NVIDIA CUDA compilers in a similar way to OpenCL
programs.
Listing 3 shows an example of a vector multiplication using the CUDA runtime API. The function addgpu corresponds
to the CUDA kernel that is going to be executed on the GPU. Note that CUDA uses an explicit index that identifies
the execution thread within the iteration space (there is no loop that traverses the array). This models radically differs
from others such as directive-based, in which the developer simple annotates the sequential for-loops. The second
function (compute) prepares the CUDA environment and launches the GPU kernel. It first allocates the data on the
GPU (since NVIDIA GPUs and CPUs do not share memory), and then it performs the data transfers from the CPU to
the GPU. Finally, it launches the kernel and performs the final copy back from the GPU to the CPU with the result of
the computation.
On top of these two main programming models for GPUs, many researchers and industries have developed specific
libraries that facilitate GPU programming. For example, TensorFlow [16] is a library, and a programming model, that
uses NVIDIA GPUs and Tensor Cores for deep learning applications.
Domain Specific Embedded Programming Models CUDA and OpenCL are really complex programming models.
Programs written in either OpenCL or CUDA need a good understanding not only about the programming model, but
the underlying hardware architecture.
OpenCL and CUDA are programming models and parallel programming languages that target expert programmers that
aim for optimizing the code at low-level. This increases complexity to read and maintain the code, and also, it makes it
hard for non-expert to take advantage of the possible application acceleration by using this heterogeneous hardware.
To circumvent these challenges, there are many alternatives, and this is where research and innovations are currently
focusing on. One example of these type of programming models is SYCL [17], in which programmers write a seamless
C++ source code that some parts execute host and other device code. SYCL is an standard proposed by the Khronos
6
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Listing 4: Kernel code-snippet to compute vector-addition expressed in SYCL
1
2
3
4
5
6
7
8
9

sycl::queue myQueue(gpuSelector);
myQueue.submit([&](sycl::handler *cgh) {
auto a = d_a.get_access<sycl::access::mode::read>(cgh);
auto b = d_b.get_access<sycl::access::mode::read>(cgh);
auto r = d_r.get_access<sycl::access::mode::write>(cgh);
cgh.parallel_for<class myKernel>(N, [=](sycl::id<1> idx) {
r[idx] = a[idx] + b[idx];
});
});

Listing 5: Vector Addition in expressed in Aparapi
1
2
3
4
5
6
7
8
9
10

public class Example extends Kernel {
private float[] x, y, z;
private float alpha;
@Override
public void run() {
int idx = getGlobalId();
z[idx] = alpha * x[idx] + y[idx];
}
}

Group in that specifies an API and a subset of the C++ programming language to execute on heterogeneous systems.
SYCL defines a subset of C++ to the target GPU, and that code is not distinguish from the rest of the C++ code.
These type of programming models make much easier to develop, maintain and be understood, even by non-expert
programmers.
Listing 4 shows the vector addition example implemented in SYCL. Any SYCL program is a C++ program with the
extensions the data types and semantic that allow users to offload and execute code on any supported accelerator (e.g., a
GPU). We show a sketch for the kernel computation expressed in SYCL. We first create a command queue using a GPU
device (GPU selector). Then we submit a kernel to the command queue using a C++-11 lambda expression. In the
lambda expression we need to obtain the type of accessor each variable will have within the compute kernel. In this
case we set the input variables (a and b) as read-only. The result (expected in variable d_r) is set as write-only. Then,
the kernel is expressed in a very similar way to OpenCL, with the addition of identifying the access of each variable
between the host and the device, but using a C++-11 lambda expression.
In this category also we can find many other projects related to high-level programming languages such as Java, C#, R
and Python. To name a few examples, Java Aparapi [18] offloads some Java special classes to the GPU using OpenCL;
IBM J9 for Java-GPU computation [19] and Sumatra [20] (for computing Java streams into GPUs). Dandelion [21, 22]
executes LINQ queries over the DotNet Virtual Machine on NVIDIA GPUs.
Listing 5 shows the same example of vector addition but implemented in Java-Aparapi. The method run is the one
that Aparapi compiles to OpenCL for running on GPUs and CPUs. Notice also that the way of implementing the very
similar to SYCL or OpenCL, in which the actual compute-kernel is expressed using OpenCL semantics through the
intrinsics for indexing parallel loops, such as the getGlobalId in Line 7. Also, due to the fact that these programming
models, such as SYCL and Aparapi, execute a subset of the input programming language, they break the semantincs of
the underlying language.
Programming Models for Reconfigurable Computing The last category of programming models in heterogeneous
computing is strongly related with the reconfigurable and programmable resources; also known also as FPGAs. This
type of hardware devices offers flexibility, as the same device can be tailored to accelerate various application-specific
tasks on-the-fly. Due to their ability to act as application-specific and programmable hardware resources, FPGAs use
different programming models than CPUs and GPUs. There are mainly two types of programming models [23]: the
Register-Transfer Level (RTL) and the High Level Synthesis (HLS). Figure 2 presents a high-level overview of both
programming models, highlighting various key aspects in FPGA acceleration, such as the development time and the
level of customization.
7
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• Technology Mapping / Placement & Routing
• Bitstream Generation

Figure 2: Programming Abstractions in Reconfigurable Computing.
The RTL model is a low-level abstraction of a digital circuit composed of two main parts; the registers (sequential
logic) and the logic gates (combinational logic). In order to program a digital circuit in the RTL model, two hardware
description languages (HDL) have been traditionally used, Verilog and VHDL. Both languages allow programmers to
exploit low-level elements, such as registers and wires, which can be deployed in deep pipeline designs that can obtain
higher performance compared against code emitted for CPUs and GPUs. However, programming via Verilog or VHDL
requires high expertise and the development can be a time-consuming process depending on the complexity of the
design.
Hence, the HLS programming model emerged to offer a higher level of abstraction than the RTL model, and subsequently
make FPGAs more approachable to software programmers. The HLS model includes tools [24] that compile either
high-level hardware programming languages, such as LegUp, Chisel, and Bluespec System Verilog (BSV), or highprogramming languages (e.g., C/C++, System C, Lime.) into HDL code. The former set of tools exposes low-level
customization primitives into the programmer level and achieves faster development time, as programmers can use a
high-level hardware language rather than HDL code [25]. On the other hand, the latter set of tools includes frameworks
that compile widely-used high-level languages into low level HDL. Following the HLS compilation process, the
generated HDL code is passed as input to the vendor-specific FPGA implementation tools (e.g., Xilinx Vivado and
Intel Quartus) which subsequently implement the executable binary code. The process of the binary implementation
is usually split in three parts: a) the synthesis, which generates the netlist according to the HDL input; b) the
mapping-placement&routing, which allocates the underlying resources and places on the device based on the specified
design constraints (e.g., timing constraints); and c) the bitstream generation, which compress the implemented
hardware design from the previous step into an executable binary file.
Furthermore, two of the most dominant FPGA vendors, such as Intel and Xilinx, have recently introduced OpenCL
support for FPGAs, thereby indicating it as a cross-platform compatible programming model. However, although
programming with OpenCL can be portable across multiple heterogeneous devices, the performance is not portable yet
because of the diversity in device characteristics.
Summary of Challenges of Parallel Programming Models Programmability of heterogeneous systems is one of
the main challenges. Due to the end of the Moore’s Law, industry and academia implement and create custom hardware
in order to scale and specialize computing systems that better use energy and offer high-performance. The main
trade-off is that new custom hardware normally require new programming models to achieve high-performance. The
next Section we will describe the new trends in academia and industry that addresses these challenges.
To summarise, programmability of heterogeneous systems is one of the main challenges. Due to the end of the Moore’s
Law, industry and academia implement and create custom hardware in order to scale and specialize computing systems
8
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that better use energy and offer high-performance. The main trade-off is that new custom hardware normally require
new programming models to achieve high-performance. Section 3.2 will describe the new trends in academia and
industry that addresses these challenges.
2.4

Resource management

The scale of heterogeneous computing systems has been rapidly growing and as of today they contain computing and
storage devices in the range of tens to hundreds of thousands, e.g. in date centres, hosting complex applications and
relevant data. Consequently, effective resource management and scheduling policies need to be put in place to achieve
high scalability and operational efficiency. However, these policies face challenges with the provision of costly mixed
CPU, GPU and FPGA types, and high-performance low-latency interconnects.
In the domain of cloud computing, there are several frameworks for the orchestration, scheduling, and deployment of
CPU clusters, such as YARN [26] and Kubernetes [27]. The lack of specialized resource managers and orchestrator
for FPGAs has limited the deployment and wide utilization FPGA-based heterogeneous clusters. Major cloud and
High Performance Computing (HPC) providers such as Amazon, Azure, Alibaba, Huawei, and Nimbix have started
deploying FPGAs in their data centers. However, the development tools and frameworks offered by FPGA vendors and
cloud providers do not allow the utilization of FPGA cluster from multiple applications. In case a user wants to deploy
several FPGAs (either on the same server or on multiple servers), the user will have to configure the FPGAs, distribute
the data manually and to collect back the results from each device; a tedious and error-prone process. Additionally,
if multiple users or applications/threads wanted to have access to the resources of an FPGA cluster, a serialization
mechanism is required that will make sure that there will be no conflicts and the requests to the FPGA resources will be
made in a proper way.
Therefore, an efficient resource manager for heterogeneous computing is still a challenge and it is required in order to
allow the easy deployment, scaling, management and utilization of hardware accelerators.
2.5

Quality of Service

With applications turning to heterogeneous computing to offload workloads and scale to their growing requirements
e.g. on execution delay, Quality of Service (QoS) provision from the perspective of the heterogeneous computing
environment, e.g. architecture, resource utilisation and management, energy consumption, becomes paramount [28].
QoS provision is associated with a number of challenges with respect to application development, deployment and
operation in heterogeneous computing environments: 1) resources (computing, data, and networking) abstraction to
advance software application development, e.g. how to abstract data beyond simple semantic annotations that are
expressive and carrying out additional information about execution requirements, network topologies and data sources;
2) exploitation the potential of (distributed) heterogeneous infrastructures, e.g. how to build applications that exploit the
distributed infrastructure in a transparent way, and 3) (De)composition and transformation of all aspects in relation
to non-functional properties and conversion to different target infrastructures, e.g. how to compose applications from
software components to support the required functional and non-functional requirements and map these onto the
distributed infrastructure.
Such QoS provision in various configurations and situations is complex. Effective methods and tools are needed
should configure the underlying infrastructure to meet the required QoS to compose and package application software
components, to (possibly) configure the virtualisation layer and deploy them on allocated hardware resources for
achieving application quality requirements. These methods and tools will rely on a middleware capable of monitoring
ongoing execution of multiple applications. It is therefore important that the application’s software is in a malleable
form so that its execution can be adapted at runtime to maintain the quality trade-off among all operating applications.
2.6

Predictability

Another important area that involves efficient scheduling, heterogeneous hardware management, live task migration,
and security, to name a few, is predictability. The goal is to anticipate what are the resources needed or future events
in order to make informed decision on their allocation, improve their utilization as well as guarantee the safety of
applications running on heterogeneous hardware. This is, in fact, a hard problem, which has attracted the interest of
many researchers, who often turn to machine learning strategies to facilitate such prediction [29, 30, 31].
For a wide class of Cyber-Physical Systems (CPS) and IoT applications, the ability to reason on their behaviour, and
provide guarantees on their correct response, surpasses their functional needs and includes the requirement of temporal
correction (safe and secure execution includes the time dimension). Predictability may impact performance (guaranteed
9

A PREPRINT - J UNE 25, 2020

performance needs different, less throughput based, approaches), or energy. At the same time, with the increasing shift
to complex parallel architectures, it will be difficult, if not impossible, to provide efficient predictability.
System design must consider how to build a predictable system with HW/SW components whose timing behavior is
provably analyzable only in isolation, but not in a platform that integrates hundred-to-thousands of them. The reason is
that, traditional approaches and frameworks to timing analysis are over-pessimistic (or, completely fail) when dealing
with the inherent architectural complexity of modern heterogeneous architecture, making them in fact inapplicable to
modern industrial settings, where predictability (which in turn, means safety and certifiably) and peek performance
must coexist at low power and size envelope. Researchers proved that, especially, the contention to access shared
resources, greatly affects average- and worst-case performance. For instance, authors in [32] showed how contention
on shared memory and caches can harness performance by a factor ox 8-10 ×, when not adequately mitigated. Another
approach to tackle such issue is the adoption of software-based techniques to partition the hardware resources both in
space and time to the requesting cores and (in turn) OS threads.
2.7

Sustainability

Heterogeneous computing systems’ "power" challenges have shifted from mainly being addressed at the devices and
circuits level, to their current position as first-order constraints for architects and software developers. Moreover, power
consumption is a limiting factor due to physics with the end of the Moore’s Law era and the ever increasing cost of
energy [28]. With power concerns creeping up the implementation layers, while application-level changes alter the
nature of computation being performed, the natural approaches and opportunities for power mitigation require constant
innovation [33].
Moreover, the biggest challenges to application performance lie with not only efficient node-level execution on
heterogeneous hardware but power consumption as well. CPS and IoT fields are discovering new applications where
relatively high performance is required from systems which by the nature of the domain are physically constrained, by
size, weight or energy dissipation, or by the reliance on battery or solar energy. Examples include vehicles where space,
weight, heat dissipation and reliance on the engine for power are all constraints. Another aspect is data processing.
While exploiting the full potential of the next generations of computing systems based on heterogeneous parallel
architectures, it is also essential to promote not only their physical and economic viability but energy efficiency
awareness among all their stakeholders [34]. Application developers need to fully understand the nuances of different
hardware configurations and software systems, as well as consider additional difficulties in relation to performance,
mixed-criticality and power consumption resulting from heterogeneous systems. One of the important steps in software
design for low power, above all other power optimisations, is software correctly fitted to the capabilities of the underlying
hardware to support high-performance and energy efficiency.
2.8

Security

Nowadays, security features in processors have become the norm. Numerous examples include the SPARC T4 [35]
and the Intel Advanced Encryption Standard New Instructions (AES-NI), an encryption instruction set that accelerates
the encryption of data in the Intel Xeon and Core processor families [36]. Other approaches for processors’ security
are based on the concept of obfuscation [37, 38]. For example, Control Flow Integrity (CFI) [39, 40, 41, 42] is a
mechanism that aims to circumvent code injection attacks by monitoring the control flow instructions (branches),
and rejecting them in case they do not meet the correct execution flow. A second example of obfuscation to prevent
code injection attacks is Instruction Set Randomization (ISR) [43, 44, 45, 46, 47], which creates and assigns a unique
randomized instruction set to each running process. The creation of this new instruction set is based on XOR-ing the
original instructions with a hash key. As a result, there is no exposure of any meaningful code to attackers, unless they
determine that key.
Although, the aforementioned techniques have low implementation cost in hardware, in practice they harden users’
experience. For instance, software updates provided by third party software have to be obfuscated; and shared libraries
cannot be reused, due to the per-application code randomization basis. Apart from protected code execution, security
has been expanded also to facilitate secure boot and access to particular data zones. This concept has been employed by
hardware vendors (e.g. Intel’s Software Guard Extensions (SGX) [48], Arm’s TrustZone [49]) to isolate the execution
environment into two groups (a secure one and an insecure one). The secure environment can be used to store sensitive
information such as sealed keys that are used for encrypted operations, while the insecure environment can be used to
execute any third-party application that does not interact with private data.
Finally, the hardware approaches are mainly focusing on securing the execution on the main processors. Although,
there are examples of accelerators (e.g., FPGAs) that have been used as co-processors for cryptography [50], the lack of
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systematic and secure-by-design execution across diverse accelerators, such as GPUs, FPGAs, TPUs, is vital. Therefore,
security in the context of heterogeneous architectures will be a first-order challenge in the near future.
2.9

Networking and Interconnects

Technologies such as Software Defined Networks (SDN) and Network Function Virtualisation (NFV) intend to build
agile, flexible, and programmable networks to reduce both capital and operational expenditure to support heterogeneous
hardware environments. General purpose processors are not optimal for a number of computation tasks, including
communication. This results in lower performance (throughput and latency) and increased (but needless) processor
utilization. Modern systems offload the communication tasks to special hardware. FPGA-based accelerators can be
used to implement and evaluate experimental network protocols for HPC and data enter systems. As with most new
accelerator, implementing high performance networking gear in FPGAs and evaluating with real applications is a
complex task with high startup overhead. The hardware has to thoroughly thought, simulated, evaluated, implemented
in hardware, coupled with systems-software, debugged, and evaluated once more running real applications.
MPSoCs that couple low-power ARM processors in the same package with programmable FPGA logic are currently
available. These platforms allow us to implement and experiment with new solutions that tightly couple the network
interface with the processor. This approach is used in [51] in order to design and test next-generation network
adapters with advanced reliability features and improved latencies. For instance, by re-using the ARM System MemoryManagement-Unit (SMMU) to translate virtual to physical address, using the per-process page tables that reside
in DRAM, one can bypass the need to pin the communication buffers, thus reducing the communication latency,
and implifying the programming model, and reducing the area footprint of the network interface. Performing the
reliability functions inside the network adapters (timeouts, positive and negative acknowledgements, and end-to-end
re-transmissions), one can fully bypass the TCP/IP stack.
To support heterogeneous platforms, one current challenge is to design interconnects that unify traditional IP and
memory-semantics, e.g. Remote Direct Memory Access (RDMA) networks, as well as accelerator traffic. FPGAs again
offer a unique vehicle to study such new deployments, that fully avoid the need for OS intervention and offload the
main processor in the data path.

3

Emerging Trends and Impact Areas

As heterogeneous computing and relevant research matured over the years, it led to substantial advances in the
underlying technologies such as real-time heterogeneous platforms. In addition to these, other emerging trends in ICT
such as the Internet of Things, machine and deep learning, and big data also have started influencing heterogeneous
computing research and have offered wide opportunities to deal with the open issues in the underlying challenges. Some
of the emerging trends and impact areas relevant to heterogeneous computing are discussed next.
3.1

Emerging FPGA-based Heterogeneous Architectures

Although there are numerous heterogeneous and emerging computing architectures, this section focuses on a specific
expanding and very promising set, those employing FPGAs. There is an emerging trend to attach customized hardware,
and, in particularly, FPGAs in current computing systems, such as in data centers and HPC systems, which this section
will present in the context of the ECOSCALE project (http://www.ecoscale.eu/) through the Unified Logic (UNILOGIC)
architecture [52].
Escobar et al. [53] present a thorough survey on algorithms implementation in heterogeneous HPC infrastructures
that integrate diverse resources, including CPUs, GPUs and FPGAs, and provide guidelines for effectively employing
FPGAs in HPC. In this survey, it has been estimated that half of the lifetime cost of HPC platforms is devoted to
electrical power. An additional remark of this work is that high level synthesis tools such as Vivado HLS (by Xilinx)
and Catapult C (by Mentor Graphics) have emerged in order to overcome the programmability overhead when designing
FPGA-based architectures. It is also noted that a basic part of the success of CPUs and GPUs, in the HPC domain,
is due to the widespread support of libraries, unlike current customized FPGA-based solutions. Similar research
work in literature [54, 55, 56, 57, 58, 59, 60] has focused on showcasing increased performance on reconfigurable
systems, especially when comparing the performance per watt of the FPGAs against the respective of the CPU and GPU
counterparts. Moreover, these works also emphasized on the overhead in programmability when hardware designers
build FPGA accelerators via common FPGA design tools.
One challenge remains: how to improve the programmability of multi-FPGA environments within HPC infrastructures,
while providing a low latency communication architecture, scalable to a very large volume of interconnected FPGAs.
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In order to address this, ECOSCALE has developed UNILOGIC, a HPC-tailored parallel architecture and firmware that
efficiently incorporates multiple FPGAs [52]. The architecture employs the Partitioned Global Address Space (PGAS)
model and extends it so as to include hardware accelerators, i.e. tasks implemented in the reconfigurable resources
of the FPGAs. The main advantages of UNILOGIC are : a) the hardware accelerators can be accessed directly by
any processor in the system, and b) the hardware accelerators can access any memory in the system. In this way, the
proposed architecture offers a unified environment where all the reconfigurable resources can be seamlessly used by
any processor/operating system. Moreover, UNILOGIC provides hardware virtualization of the reconfigurable logic
so that the hardware accelerators can be shared by several applications or tasks so as to be able to act in par with
the multi-processor systems The UNILOGIC architecture can also be extended to support novel security and privacy
mechanisms of the shared resources.
Within each reconfigurable device the resources are separated into i) a static partition, which provides the PGAS-related
communication infrastructure, and ii) fixed-size and dynamically reconfigurable slots that can be programmed and
accessed independently or combined together so as to support both fine and coarse grain reconfiguration; the latter has
been achieved by utilizing the partial runtime reconfiguration feature of today’s FPGAs so as to dynamically reconfigure
the slots in real time.
The UNILOGIC architecture partitions the system design into several processing nodes, called Workers, which
communicate through a hierarchical communication infrastructure or mesh-like topology. Each Worker comprises of
conventional processing units, memory, reconfigurable logic, and accelerator controllers that provide access to the
reconfigurable resources in order to program and execute accelerated tasks in hardware at runtime (Figure 3).

Figure 3: The UNILOGIC architecture
The UNILOGIC architecture has been evaluated on a custom prototype that consists of two 1U chassis. Each chassis
includes eight interconnected daughter boards, called Quad-FPGA Daughter Boards (QFDBs), and each QFDB supports
four tightly coupled Xilinx Zynq Ultrascale+ MPSoCs as well as 64 Gigabytes of DDR4 memory. Thus, the prototype
features 64 Zynq MPSoCs and 1 Terabyte of memory in total. UNILOGIC has been tuned and evaluated on this
prototype using both low-level performance benchmarks as well as two popular HPC real-world applications, one
compute-intensive and one communication-intensive. Based on the measured results, UNILOGIC offers impressive
performance that ranges from being 2.5 to 400 times faster and 46 to 300 times more energy efficient compared to
conventional parallel systems utilizing only high-end CPUs.
3.2

Emerging Heterogeneous Programming Models

This paper has shown that currently there is no single computer architecture to better execute all types of workloads
efficiently. Due to increasing demand of compute and variety of workloads, such as big data processing, machine/deep
learning, cryptocurrency, IoT, security and block-chain technologies, companies and researchers are investigating and
providing new computer architectures that execute those workloads in a more efficiently. For instance, Google has
develop and built a new processor for running TensorFlow in a more efficient manner, called Tensor Flow Processing
Units (TPUs) that are currently shipped on last generations of NVIDIA GPUs. Another case is the Wafer-Scale Engine
(WSE) developed by Cerebras as a new hardware specialized for accelerating deep-learning that contains 400k AI cores.
As we introduced in the Section 2.3, there are many programming models and approaches to develop applications for
heterogeneous systems. However, those approaches are often limited to the mainstream programming languages that
are underneath, which lack of ways of expressing parallelism, and they are also considered low-level for many potential
users of the new heterogeneous hardware. One thing to notice is that many of the standards and programming models
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Figure 4: Software stack for running applications implemented in managed programming languages for two different
approaches. The approach a) shows how currently high-level programming languages can make use of heterogeneous
hardware via native APIs. The approach b) shows a different strategy in which the underlying runtime and virtual
machine, that abstract the program from the hardware details, can automatically make use of the heterogeneous
hardware.
have been created on top of low-level programming languages, and, in particular, on top of the C/C++ programming
models. However, not all programmers use C/C++ and Fortran programming languages.
Time for higher abstractions and managed programming languages By carefully studying the trends over the
past years of the most common programming languages that are currently used by industry and academia, such as
the TIOBE index [61, 62], we see that more than 5 out of the top 10 programming languages are interpreted and/or
dynamically typed programming languages, such as Java, C#, Ruby, Python, R and JavaScript. Additionally, we see
that, in the big data application-domain, the most used programming languages are Java, Scala, Python and R.
Now the question is how these programming languages make use of accelerators such as FPGAs and GPUs. Figure 4
shows the typical hardware/software stack for programming heterogeneous architectures from high-level languages
such as Java, R, Python or JavaScript.
As Figure 4-a shows the current trend to provide external libraries that make calls to native code. Hardware vendors
normally provide an Application Programming Interface (API), or a domain-specific API to interact with the low-level
hardware from managed programming languages. The implementation of those libraries are normally written in
system’s languages such as C and C++, that dispatch the native calls to the actual heterogeneous hardware. The native
code either provides pre-compiled kernels, or exposes an API to bypass kernels from high-level languages to low-level
such as OpenCL, CUDA or Verilog. The main problems with this approach is that developers need to know low-level
hardware details in order to make use of these new hardware, because the API exposes hardware details, or because
programmers are tied to a specific set of calls to solve concrete problems. However, this is not the purpose of high-level
and interpreted programming languages, in which the code is written one, and there is a runtime system (aka the Java
Virtual Machine) that automatically executes and manages the memory of the input program without the need of the
developer’s intervention. Figure 4-b shows an alternative approach in which high-level programming languages make
use of an existing language runtime-system, or a Virtual Machine (VM), that knows how to automatically generate and
execute code on heterogeneous hardware. Although promising, this last approach is mainly under research, with only a
few exceptions that are available for mainstream commercial use, such as AMD Aparapi [18], or IBM-GPU J9 [19].
Let’s now discuss in more details each of the approaches.
Programming via external libraries and domain-specific APIs Following the approach illustrated in Figure 4-a,
one of the most popular set of libraries is for machine learning and deep learning algorithms. Perhaps, the most common
library for machine learning and image classification nowadays is TensorFlow [63], a Google programming framework
for deep learning which is currently available for Python, Java, C and Go programming languages. In addition to
TensorFlow, there are other libraries and frameworks such as PyTorch [64] for machine learning and image classification.
What these type of frameworks have in common is that they target a specific set of applications, e.g., deep learning,
computer vision. They facilitate programming to developers by exposing a clean API and their implementations are
highly optimized to use the latest and most advanced hardware, such as Tensor Processing Units (TPUs) for TensorFlow
computation. However, if developers want to extend that functionality, they have to either implement the missing
functions in those libraries, or wait for the library provider to include them. Another drawback for providing specific
13

A PREPRINT - J UNE 25, 2020

Listing 6: Vector Addition expressed in TornadoVM
1
2
3
4
5
6
7
8
9
10
11
12
13
14

public class Compute {
public static void vertorAdd(float[] a, float[] b, float[] c) {
for (@Parallel int i = 0; i < c.length; i++) {
c[i] = a[i] + b[i];
}
}
public static void run(float[] a, float[] b, float[] c) {
new TaskSchedule("s0")
.streamIn(a, b)
.task("t0", Compute::vectorAdd, a, b, c)
.streamOut(c)
.execute();
}
}

and optimized libraries is that, if hardware changes, the library provider have to rewrite, most likely, many portions of
the code base to adapt it to the new hardware (e.g., a new GPU model, an FPGA, or a new custom designed accelerator).
There are other APIs, called native-wrappers, that directly expose and leverages the low-level programming models of
the heterogeneous hardware, such as the GPU programming for OpenCL or CUDA, into the high-level programming
languages. There are many wrappers for OpenCL programming over Java, C#, Python, R, etc. However, with this
approach, programmers need to deal with at least two different programming models and execution models, the
base language itself (e.g., Java) and the heterogeneous programming model (e.g., CUDA). This has implications in
productivity and portability of these high-level applications, because some parts of the programs are tied to specific
hardware requirements. However, this is not the purpose of using hardware agnostic, interpreted and dynamic
programming languages. An alternative approach is to automatically use the heterogeneous hardware by using a
specialized Virtual Machine that performs the code compilation and transparent execution of applications written in
high-level programming languages into heterogeneous hardware.
Emerging Heterogeneous Runtime-Systems Another trend (mainly in research) is to automatically compile and
execute code from existing mainstream programming languages, such as Java, Ruby and R, into high-efficient GPU
and FPGA code without the need of any external library. Those new compilers and runtime-systems are mainly under
research. One example is TornadoVM [65, 66], which provides an abstraction of the execution on any heterogeneous
device to execute Java programs on GPUs, CPUs and FPGAs without changing the existing Java code. TornadoVM
is defined as a plugin to OpenJDK that allows programmers to automatically execute Java, R, Python, Node.js and
Ruby programs on heterogeneous hardware, without any low-level knowledge about the actual hardware. Furthermore,
TornadoVM can dynamically migrate execution from one device to another at run-time based on profiling information.
Listing 6 shows a full example of vector-addition computation expressed in TornadoVM. TornadoVM receives as input
legal Java code, and it provides an API to identify the methods to be executed on heterogeneous devices, such as a GPU
or an FPGA. The Tornado runtime system will compile these methods into OpenCL C code, and it will execute the
generated target binary/bitstream into the corresponding device. All of this is performed without any knowledge from
the users’ perspective about hardware heterogeneity. Additionally, this code is scheduled by the Tornado runtime-system
and can be executed in any OpenCL compatible device, including GPUs, FPGAs, and multi-core systems.
Similar work have been done by AMD such as Aparapi [18] and Sumatra [20], or by Microsoft Research, such as
Dandelion [21]. Recently, IBM has introduced a GPU-compiler for Java programs to be executed on NVIDIA GPUs,
called IBM J9 [19]. IBM J8, as well as Sumatra, accelerates some operators from the Java 8 Stream API into GPUs by
offloading Java lambda expressions into NVIDIA GPUs. Marawacc-compiler and runtime [67, 68] is a similar approach
to TornadoVM, which compiles Java, R and Ruby code to OpenCL to execute workloads on multi-core CPUs and
multiple-GPUs via OpenCL.
Similarly, ALPyNA [69, 70] is a Python compiler and a runtime system that automatically parallelize loops into CUDA
kernels to run on NVIDIA GPUs. Along the line of AlPYNA, MEGAGUARDs [71] performs auto-parallelization of
whole loop-regions in Python and generates OpenCL C code. In that way, MEGAGUARDs can accelerate Python code
by automatically using GPUs and multi-core systems.
All of these type of approaches are classified as Domain Specific Embedded (DSE) programming models, in which the
user provides a single source code, and the compiler offloads and executes some parts to the corresponding accelerator.
DSE approach is a promising research direction with the aim to facilitate parallel and heterogeneous programming and
make heterogeneous hardware more accessible to a wide set of developers, programmers, researchers, not necessary
software developers but also biologist or physiologist, to name a few.
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3.3

Virtualisation

The application of virtualisation in heterogeneous computing is showing clear benefits with its multiple properties
and can potentially be supported thanks to Virtual Machines (VMs) and the use of containers technology, in order
to provide efficient resource sharing and system security. Network Function Virtualization (NFV) also shows great
potential in the future of network security and stability. Moreover, low-level hardware virtualisation technologies,
such as I/O virtualisation and Inter-Process Communication virtualisation, have provided energy-efficient approaches.
Virtualisation hides much of how the system works in view of global optimization.
Machine learning applications benefits immensely from accelerator technologies, especially from GPUs, since they
require substantial processing that can be executed in parallel. Tensorflow [16] is a framework used to develop and run
these machine learning algorithms, and can issue kernels on the accelerators. One problem with such framework is that
it requires exclusive access to the accelerator, thus does not foster accelerator sharing across different applications.
Thus, Virtualisation of accelerators in hardware is attracting attention, e.g. FPGA-based acceleration [52]. Such
approach encompasses a Scheduler-Mailbox block pair and supports ease of programmability. This involves automating
the distribution and dividing of big tasks into smaller ones, which can be executed by the reconfigurable hardware
accelerators, while being transparent at the application level. Such a goal pertains to a virtualisation infrastructure
which aims to virtualise the acceleration resources of a single FPGA, and then at System-level, upscale by similarly
operating on a multi-FPGA unified environment. Hence, the hardware accelerator controller can be connected to, and
thus control, a varying number of hardware accelerators.

Figure 5: Overview of the virtualization block and its interfaces.

This functionality is depicted in Figure 5, where accelerators are designated as Hardware Work Groups (WG). The
Mailbox on top incorporates two FIFOs for write and read operations. Acceleration request commands are first issued to
the mailbox (to be then propagated to the Scheduler) by writing to the incoming FIFO. Any required status information
can be read from the mailbox’s outgoing FIFO, as the Scheduler responds with messages through the mailbox. These
messages notify the initiator application for configuration completion, work completion, as well as various errors that
may occur, such as wrong opcodes.
Another approach is to provide temporal and spatial sharing of accelerators, i.e. applications can be executed in parallel
on an accelerator such as FPGAs and GPUs (spatial sharing), or can be time multiplexed, under different programming
models, i.e. CUDA, OpenCL [72]. Vinetalk [73], [72] is a runtime system that implements such approach and allows
different applications to run natively in VMs and containers.
NVIDIA provides Multi-Process Service (MPS) with which applications can share (temporally and spatially) an
NVIDIA GPU. MPS supports only First-Come-First-Served (FCFS) scheduling, consequently it cannot be used when
SLA guarantees are desired. On the contrary, Vinetalk manages accelerator memory and supports arbitrary scheduling
policies that can for instance prioritise high priority kernels over low priority ones. Additionally, Vinetalk, in contrast
with MPS, can take advantage of multiple accelerators that exist in one node and schedule applications according to
their requirements.
Transparent GPU virtualization is also made available in offloading platforms such as GVirtuS [74] which enables
Android devices with little or no GPU support to run NVIDIA CUDA kernels by transparently migrating their execution
to high-end GPGPU servers. The GVirtuS platform is highly modular, and exposes a rich Application Programming
Interface (API) to developers, making it highly versatile while hiding the complexity of the underlying network layer.
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3.4

Quality of Service Support

Nowadays applications become more compute intensive. For instance, machine learning and deep learning algorithms
are compute intensive, since matrix multiplications dominate [75]. In addition, to these demands for increased compute
capacity has been the requirement for low latency responses. Pattern matching and recommendation algorithms need to
respond to the end-user with low and bounded latency, in the range of milliseconds (Service Level Agreement-SLA [76]).
One solution to serve this increase in computational needs is to scale out using only general purpose CPUs. However,
such approaches increase energy consumption. The challenge, therefore, is to increase processing capacity under the
same power budget of commodity CPU servers.
A response to these workload trends and technology limitations has been the use of accelerators such as, GPUs, FPGAs,
and TPUs in data-centers. Accelerators consist of multiple thin cores, hence they can provide high throughput due to
massive parallelism, at a lower power budget. Although resources in cloud environments are typically shared, most
cloud providers offer accelerators in a dedicated manner due to technological limitations, as the lack of preemption
support. This exclusive assignment improves Quality of Service (QoS) of applications at the cost of accelerator
utilization, because a single task or application is not typically capable to fully utilize an accelerator [77].
Previous work [78, 79, 80] has worked towards increasing mostly GPU utilization by sharing GPUs across user-facing
and batch processing tasks [78]. User-facing tasks require tail latency guarantees based on their SLA [76]. The
execution time of user-facing tasks, such as the inference in machine learning models, ranges from several microseconds
up to a few hundreds of milliseconds. In contrast, batch applications do not have strict response-time requirements
per task and are latency tolerant [81]. To ensure SLAs of user-facing tasks previous work has adopted SLA-oriented
scheduling policies [78].
Existing SLA-oriented scheduling policies for GPUs [78, 79] ensure that more than 95% of user-facing tasks meet their
SLA. However, these studies only consider batch tasks with execution times similar to the SLA. Under this assumption,
one can afford to wait for a running batch task to finish before launching new user-facing tasks. However, batch tasks
can have execution time orders of magnitude longer than user-facing tasks [80]. Current SLA-oriented approaches
cannot provide QoS to user-facing tasks, when sharing a GPU with long running batch tasks.
Already existing approaches have addressed the problem of long running batch tasks using GPU preemption. With GPU
preemption, the currently executing task is stopped and its state is stored either (1) in the GPU or (2) in the host memory.
However, there are no approaches that are able to preempt tasks running to other accelerator types, as FPGAs, TPUs.
3.5

Self-Adaptative Systems

In Section 2.2 the increasing prevalence of Non-Von Neumann computer architectures was discussed, including the
use of FPGAs and many-core GPGPUs. The variety of accelerators has led to the requirement for programming
models to transform code from high level languages to the underlying heterogeneous architecture. The challenge is
further increased by having to adapt the system to changes at both application deployment and runtime such as the
availability of accelerators which may require techniques such as dynamic compilation of code to make use of the
available resources as discussed in section 3.2. It may also require ensuring that there are multiple different versions
of the same application available [82, 83] in order to take advantage of hardware acceleration when it is available.
An accelerator’s availability may relate to competing workloads all vying for time on the available accelerators. This
gives rise to research questions relating to the handling of the different deployment options for mapping workloads
and different implementations of the same application onto the underlying hardware. In particular this requires the
discovery of the affinity of a particular application to a given accelerator and the likely benefit it is to obtain. Managing
the trade-offs between competing applications whilst considering an applications affinity to an accelerators is no trivial
task.
Overall the increased complexity from hardware heterogeneity gives interesting challenges in regards to a more
global optimisation of such a complex environment. This optimisation may include aspects such as energy efficiency,
performance, data movement, cost, time-criticality, security and dependability [34]. Heterogeneity not only adds
complexity but may introduce constraints in itself. Computation at the edge induces new constraints in terms of
available power, energy and performance while still requiring aspects such as fault tolerance and Quality of Service
(QoS). Managing these constraints and in general overall system performance requires monitoring and actuators to
control and balance both global system requirements as well as those of the individual users.
The trade-offs and adaptation made requires guidance and understanding of the possible impact of any changes made.
This implies the need for monitoring, modelling and potentially learning behaviour. Power models for example can
improve upon instruction level power estimation at the system-level [84] which in turn provides guidance on the most
appropriate form of adaptation to take. Individual models can be integrated to form a more holistic view of the overall
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system and manage the competing aspects of the overall systems optimisation. The scale and type of modelling that
is utilised may depend upon the overall scale and complexity of the system as well as the perceived benefits it offers,
relative to the overhead caused by all aspects of adaptation (i.e. monitoring, modelling, decision making, and actuating).
Adaptation mechanisms themselves have overhead that must be considered. For example adaptations may require
hardware changes such as the reconfiguration of FPGAs in order to manage the different workloads that are applied.
Work towards making these reconfiguration as seamless as possible [85] increases the applicability of the forms of
adaptation available to the system as a whole. Overall the balancing between total knowledge of the system, the systems
distributed nature, the optimality of any deployment plan and the overhead of generating and executing adaptation
needs careful consideration. The "Self-*" approach may allow the reconfiguration of systems in a broader system and
ensure minimum mode of operation even in degraded situations. In the literature, different approaches for Self-Adaptive
Systems construction can be found and categorised. These can be linked to dimensions such as adaptation control
(decision criteria), time (reactive versus proactive), level (application, system software, communication) as well as
MAPE (Monitor, Analyse, Plan and Execute) activities. Current trends for engineering systems include the use of
control theory, nature-inspired and machine learning approaches [86].
3.6

Real-Time Heterogeneous Platforms

Autonomous systems, such as self-driving cars and drones are the hottest application domain for state-of-the-art
Real-Time systems, and they are currently driving advanced research in the field. The next-generation of partially
and fully autonomous cars will be powered by embedded many-core platforms. Technologies for Advanced Driver
Assistance Systems (ADAS) need to process an unprecedented amount of data within tight power budgets, making
those platform the ideal candidate architecture.
Integrating tens-to-hundreds of computing elements that run at lower frequencies allows obtaining impressive performance capabilities at a reduced power consumption, that meets the size, weight and power (SWaP) budget of automotive
systems. Especially, integrated GPGPUs (iGPUs)[87, 88, 89] are today’s preferred to other acceleration paradigms,
e.g., based on FPGAs or application-specific integrated circuits (ASICs), in applications with data-parallel workloads,
such as computer vision and AI systems employing deep neural networks. This is the case of advanced automotive
systems, where AI/DNN are increasingly being adopted as reference for building partly- or fully- automated vehicles of
tomorrow. Unfortunately, these systems demand not only for high peek performance, but also –and especially– worst
case performance, and the increased architectural complexity of modern iGPUs makes it extremely cumbersome to
perform an effective non-pessimistic worst-case timing analysis of system. Having impressive average performances
with no guaranteed bounds on the response times of the critical computing activities is of little if no use in safety-critical
applications.
3.7

Timing predictability via resource management

Timing predictability is the capability of a system to provide a response in defined amount of time, in the worst case.
This property is especially amenable in Real-Time (RT) systems, which is where the research on timing predictability is
pushed to the maximum, and where the state-of-the-art solutions are adopted. For this reason, in this section we will
refer to Real-Time systems, without loss of generality. RT systems are roughly split in three macro-categories, namely,
hard RT, firm RT and soft RT, depending how much timing predictability affects system functionality. In the former
case, it is treated as a failure which might even harm human lives (es. avionics systems), while the other cases, the QoS
degradation might affect system functionality in a less severe manner.
In Real-Time systems, applications are modeled by a set of tasks, that repeatedly span over time, in a periodic or
sporadic manner. Each RT-task is characterized by a Period and a time Deadline at which the RT-task must be
accomplished, to ensure the integrity of the ovDjemameerall systems. To enable robust and certifiable systems, in
“traditional” RT theory, an accurate modeling of such tasks is carried on with a so-called worst-case timing analysis,
and the resulting timing behaviors of the RT-tasks is composed using well-known frameworks, to provide an optimal
mapping of tasks to available computing engines (CPU cores): this is called the scheduling theory.
When heterogeneous architectures made of complex many-cores come into play, it is clear how cores are not anymore
the scarce resource in the system, hence the resource that should be scheduled. Hence, today’s researchers agreed that
shared components, such as memory banks, I/O devices, etc play the key role in this respect [90], [91], [92].
A first solution to this problem is to devise new architectures, or a provably certifiable subset of hardware blocks in
existing computing platforms, so that a so-called safety domain can be used in this specialized application domain.
Several hardware providers followed this approach: the most relevant examples are probably top-class platforms from
Xilinx, such as the Ultrascale+ and Versal embedded accelerators. However, this (yet appealing) approach has two
drawbacks. First, by reducing the subset of components that are actually used by an application, in fact we underutilize
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the platform, causing a waste of resources. Secondly, unfortunately, the aggressive time-to-market strategies of hardware
providers (NVIDIA uber alles) makes it impossible to stick to a given platform. For instance, the production-grade,
ASIL-compliant NVIDIA Drive PX board, has been soon discontinued in favour of the new, more powerful Pegasus
device. This tremendously complicates the work of, e.g., automotive and avionics engineers, that inherently require
long-living HW and SW components software updates and support.
A second approach is to devise generic methodologies, implemented at the middle layers of the technological stack, to
partition in space and time an existing hardware. Figure 6 shows how this was implemented in the Hercules H2020
project [93]. As Figure 6 shows, it employs a mix of Operating Systems, Hypervisor and custom/proprietary drivers
that work synergistically to provide the maximum degree of predictability.

Figure 6: The Hercules Software Stack.
Memory-centric design.
In order to achieve predictable execution on heterogeneous many-core platforms, it is necessary to control the way
how individual CPU cores and on-chip peripherals access the shared resources such as on-chip interconnects and main
memory. Of these, the main memory is the slowest one and likely to be the bottleneck. State-of-the-art approaches are
inspired by the so-called PRedictable Execution Model (PREM) [94, 95], where the predictability of memory accesses
from single software components (tasks) is increased using prefetching techniques and scheduling prefetch bursts from
different cores to not interfere with each other.
Under PREM, tasks are split into pairs of memory and computational phases. Figure 7 shows the distribution of
memory accesses of an example application task both in PREM and non- PREM models. In a first memory phase, tasks
retrieve and copy data from the main memory into the local cache of the core they are executing on, whereas, in the
following, computational phase, they elaborate non-preemptively previously cached data. This execution model allows
the variability of memory-contention latencies to be greatly reduced, by explicitly controlling memory accesses during
memory phases. As such, it allows the overall task execution times to become much more predictable. Addressing
single-core systems, a PREM-compliant co-scheduler is proposed granting main-memory access only when the task
being executed on the processor is in the computational phase, without incurring memory conflicts.
3.8

Machine and Deep Learning

Machine Learning and Deep Learning denote the main trends topics during the past few years. There are many
applications that many companies are developing and improving, thanks to the machine and deep learning. Companies
and industries around these fields are present in almost every sector of society, since recommendation systems, news
filtering, self-driving cars, general elections, analysis of natural language processing, computer vision, object recognition,
video games, among many others.
18

A PREPRINT - J UNE 25, 2020

Figure 7: PRedictable Execution Model in a parallel environment.
The explosion of machine learning in almost all areas of computing, and more specifically, of deep learning, has
been possible due to the improvement in computing hardware such as more powerful GPUs, that have enabled the
possibility of investigating artificial neural networks with many hidden layers at a reasonable time (known as deep
learning techniques). Along with the hardware, new emerging programming models and programming frameworks
such as Google TensorFlow [16], PyTorch [64] have made deep learning accessible for the masses.
Additionally, during the past two years, companies have developed and built specific computing hardware for processing
deep learning applications more efficiently. This is the case of Google Tensor Processing Units (TPUs), Tesla AI
chips or CEREBRAS’s new chip. All of these hardware has been specifically designed for processing deep learning
workloads, offering high bandwidth, memory on-chip and very low-latency caches.
3.9

Resource Management

A number strategies are put in place towards improving the resource management of heterogeneous computing,
considering CPUs, GPUs and FPGAs, and leading to the development of a resource manager whose primary goals is to:
• Serve as a universal orchestrator for heterogeneous resources and acceleration requests.
• Improve scalability and maximize performance of deployed accelerators, ensuring the secure sharing of the
available resources.
• Abstract away cumbersome parallel programming languages (e.g. OpenCL) without compromising flexibility.
• Encompass bitstream management and protection capabilities.
An example of such resource manager is Coral [96], which is dedicated to FPGA resources. It is a scalable, reliable
and fault-tolerant distributed acceleration system responsible for monitoring, virtualizing and orchestrating clusters of
FPGAs. It introduces high-level abstractions by exposing FPGAs as a single pool of accelerators to any application
developer that she can easily invoke through simple API calls. Finally, Coral runs as a microservice and is able to run
on top of other state-of-the-art resource managers like Hadoop YARN [26] and Kubernetes [27].
Coral Resource manager serves as an abstraction layer on top of the OpenCL runtime system. The OpenCL runtime
system is using the drivers from the FPGA vendors and can support multiple kernels in the same FPGA as shown in
Figure 8.
Coral provides a straight-forward and simplified API that allows the deployment of the accelerators in the same way
as software function calls. That way we avoid complex processes based on OpenCL about the configuration of the
bitstreams, the management and the allocation of the buffers and the kernels.
The main advantage is the seamless virtualization of the available resources that it offers. Multiple applications or
multi-thread applications can utilize the Coral resource manager by simple invoking the functions that they need to
accelerate. Coral enables the sharing of the available FPGA resources when accelerators are requested from multiple
applications or threads. Therefore, the software developers can speedup their applications without the complexity of
typical heterogeneous platforms.
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Figure 8: High-level overview of the Coral FPGA resource manager

4

Future Research Directions

Heterogeneity is a concept with vast variance, as it is driven by the diversity in the applications’ requirements. Therefore,
the realm of heterogeneous computing will evolve to support new disruptive applications e.g. Cyber-physical Systems
of Systems (CPSoS), Edge/Fog and Cloudlet computing [97, 98], autonomous vehicles [99] as well as HPC systems
[100, 101, 102].
Thus, research on heterogeneous systems that satisfy the emerging computing requirements will unveil new challenges
across the entire software stack, see Figure 1: from the programming models, to compilers and drivers, middleware and
finally to the underlying hardware. These challenges will need to be addressed in a unified manner, that will satisfy the
trade-off between compatibility and performance, as discussed in Section 2. Moreover, future heterogeneous computing
research will greatly be driven by the emerging trends discussed in Section 3. Due to space limitation, this section will
discuss this future research with a focus on resource management and scheduling (Section 4.1), timing predictability
(Section 4.2) and programming abstractions (Section 4.3). Other research directions will also be briefly covered
(Section 4.4).
4.1

Resource Management and Scheduling

In large computing infrastructures the role of managing resources (computing, networking and storage) to schedule
tasks (i.e., jobs and services) is played by orchestrators. Such components are responsible for configuring, allocating
and coordinating the use of a set of resources, being either hardware or software (virtualized resources), to run a certain
job or service. Modern orchestrators schedule tasks very quickly on different machines (infrastructure nodes), following
a given allocation strategy.
For instance, Figure 9 depicts a typical modern scenario, where highly heterogeneous infrastructure resources are
split between data centers (tightly coupled resources), Edge/Fog nodes (distributed resources) and IoT devices, each
embedding specialized computing capabilities. In such scenario, the orchestrator receives users’ job/service requests
through the exposed front-end, and makes decision on the best set of resources used to serve these requests. The
decision making generally takes into account multiple criteria, such as maximizing throughput of the whole platform,
guaranteeing SLAs [103], minimizing overall energy consumption [104], minimizing the time elapsed for completing the
job execution, etc. Decision making is then automatically transformed into an executable workflow, while the resource
allocation is done by communicating with local agents. Resource allocation is generally based on feedback information
captured by monitoring tools, which is incorporated in the scheduling models used to dynamically allocate the resources.
Large effort in this direction is spent to efficiently solving the associated NP-hard scheduling problem [105, 106, 107].
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Figure 9: Modern Orchestration scenario across data center, Edge/Fog and IoT resources.

Examples of such conceptual idea can be found in the attempts of extending existing orchestration frameworks [105]
and can be recognized in the effort made by EU projects [108, 109, 110].
The orchestrators also provide other advantages, ranging from the capability of auto-scaling used resources for a
certain job to offering more flexibility and elasticity in supporting increasing (or decreasing) workload size over time.
Also the reliability can take advantage from advanced orchestration strategies. Indeed, the integration of continuous
monitoring systems, allows the orchestrator to be aware of actually available resources and thus, in case of failures,
re-scheduling the execution of jobs/services on different resources. Looking at future trends, the research directions
are many-folds, covering aspects related to a more holistic approaches for energy efficiency (also including the use of
AI-based techniques), distributed computing to the edge (including converged HPC, Cloud, AI and Big Data platforms),
and management of various forms of hardware acceleration.
Moving towards this direction, one possible new approach could be to make orchestrators less sectorial, considering the
management of extremely heterogeneous environments. Heterogeneity, indeed, can be seen from two different points
of view: on the one hand, we have the most classic definition of it, i.e., having the integration of different types of
architectures (CPU, GPU, FPGA, specialized ASICs, etc.) on the same system bus, with tasks sharing and memory; on
the other hand, heterogeneity is represented by environments where computing resources are extended to cover both
data center ones and those placed to edge, till the IoT-based sensors (see Figure 9). The majority of the orchestrators are
able to manage resources locate on the data center only or, in the other case, resources located only at the edge/fog
level; however, a more holistic approach is missing. Indeed, the ICT world is evolving ever faster, going both ways at
the same time, with heterogeneous infrastructures that exploit the presence of other different components in the system
at different levels. Several contexts of use (in fact) contemplate the use of edge nodes for the management of Big-Data
flows coming from IoT devices, to limit the traffic from the latter to the data center. In this case, the presence of an
orchestrator able to manage all these resources and the scheduling of jobs/services could allow a better management of
the entire system, balancing the use of all the devices involved. On the other hand, focusing on the management of
(heterogeneous) resources in the data center, we must mention the birth and proliferation of specific applications for a
given domain, requiring specific policies to not negatively affect the performance of such applications. The (probably)
most appropriate example in this regard is that of machine learning applications, which are becoming increasingly
popular and often require specific hardware because of the necessary computing power demanded. In this context, as in
other similar ones, a modern orchestrator should be able to distinguish such applications, allocating the most suitable
resources to them, and taking into consideration the way data are generated and exchanged among the jobs/services
composing the application. This would allow for better management of existing resources, as well as faster execution
times.
Future developments in the orchestration field will also concern the role played by schedulers, especially the strategy
followed by these latter to assign resources, whenever the applications are composed by dependent tasks. For instance,
the emergence of HPC-as-a-Services (HPCaaS) is towards this direction [111, 112]. Indeed, most of the schedulers
rely on very simple allocation strategies, such as allocating tasks in the first available compute nodes (being either a
physical node or a virtual machine), thereby verifying only the feasibility of the whole allocation schema. In general,
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a feasible node is a node with sufficient resources than can host the task to be performed. However, the problem of
allocating resources for a given service or job, can also be seen as an optimization problem. In this case the strategy
used, should find the best possible node (not just the first one available) based on multiple criteria (e.g., reducing the
number of active nodes, saturating the running machines, minimizing data movement, etc.).
4.2

Timing predictability

As platform heterogeneity comes into play, the inherent architectural complexity of the system harnesses the timing
predictability of the overall real-time systems. As explained in Section 3.7, current state-of-the-art approaches tackle
this by adequately mitigating the shared interference of multiple computing engines to the shared resources, such as the
main memory. While researchers have not found how to tackle this problem, in a holistic manner, current results are
promising and encouraging to push further efforts towards this direction.
However, this problem refers to the lowest level of a heterogeneous computing stack. Hence, a possible solution would
act as basics to raise up the abstraction, and focus on the upper levels of the stack. Indeed, being able to hide and
master the complexity of underlying hardware, for instance, via adequate software constructs ) is paramount to make
predictability not only possible, but also effective, while not tackling system programmability. This is done not only
with “syntactic sugar” constructs to programming language, but we also advise a new generation of programming
models tailored for heterogeneity. For this reason, frontier researchers are devising advanced programming models
to represent this crucial aspect at an adequate abstraction level, to let software programmers exploit the tremendous
potential of heterogeneous platforms, in a predictable manner.
Real-time systems is a separate group within the spectrum of heterogeneous systems, due to their critical nature.
Applications running on real-time systems have key critical features, which undergo some kind of certification through
safety assessment (hard RT) or performance/QoS assessment (soft or firm RT). In firm RT systems, few/sporadic
deadline misses are tolerable, and the result of the computation is basically usefulness. For example, modern automotive
systems are increasingly adopting centralized Electrical/Electronic (E/E) architectures where numerous heterogeneous
applications at mixed criticality, co-exist on the same domain controller ECU. System/integration engineers shall
master this design challenge, thereby requiring for expressive performance models capturing the heterogeneity of the
hardware-software system. One of the prominent modeling frameworks, which we use as an example, is Amalthea [113].
Amalthea is widely adopted in the automotive domain, whereas, engineers from avionics and other domains might
adopt different models based on Matlab/Simulink, Time-Triggered Architecture [114] or Logical-Execution Time
(LET) [115]. All of the observations ad ideas introduced in this work can be also applied to these frameworks.
Amalthea is an established modelling tool with a modelling format that interfaces with various commercial tools (e.g.,
the AUTOSAR automotive standard). This easy plug-and-play feature constitutes Amalthea as a suitable modeling
framework not only for academic, but also for industrial research. As a result, engineers are able to model multiple
real-time application components, and profile their timing behaviour to provide a predictability assessment.
However, like other modelling tools, Amalthea lacks of the necessary expressiveness to model also complex heterogeneous hardware. Therefore, the ability to model the software and hardware features of highly-parallel embedded
accelerators (e.g., GPGPUs [116]) is paramount to integrate and exploit such platforms in the domain of real-time
computing.
4.3

Programming abstractions

We have shown that practically every new computing system is a combination of heterogeneous components and
devices that can be used for accelerating specific types of workloads. Perhaps, in a few years we can have laptops
and mobiles devices composed of multi-cores, GPUs, FPGAs and custom accelerators such as Tensor Cores, machine
learning dedicated chips, or even quantum devices. The FPGA components are interesting because they can be used to
dynamically adapt and execute tasks that can benefit from pipeline-parallelism, while GPUs can be used for solving
data intensive applications with a high-volume of operations per work-item.
In Section 3.2 we discussed many emerging programming abstractions, including language’s tools, libraries and
compilers to use current heterogeneous systems. However, it seems that novel accelerators and customized hardware,
appear in accordance with a customized set of tools and programming models. For instance, more than 200s parallel
programming models were created during 1990s [117], in a decade that hardware specialization was not a requirement
to build more efficient processors.
In recent years, this trend has changed, as computers comprise multiple diverse hardware components. Therefore, there
is a trend to facilitate heterogeneous programming from mainstream programming languages, rather than creating
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new abstractions. Consequently, software programmers have more options to obtain higher performance and energy
efficiency for the execution of their applications.
However, to make the execution scalable and offer the usage of new accelerators for mass software execution, it is still
necessary the programmers to build customized abstractions to facilitate software maintenance.
This is a source of a trade-off between creating high-performing applications, and the ability to apply quick changes to
evolve and adapt fast to new hardware and new technologies.
Current trends show that new parallel and heterogeneous programming models will still emerge. However, to make
them usable and comprehensive for many fields and sectors, converging is also a requirement. Currently, there are
some examples that showcase some initial efforts towards this direction. For example, Intel is expected to release a new
API (called oneAPI) for targeting all heterogeneous hardware within the same C++ programs; Intel oneAPI includes
compilers for multi-cores, Intel integrated GPUs, and Intel FPGAs. Along the same direction of Intel oneAPI, SYCL is
another parallel programming abstraction with the aim to automatically bring heterogeneous computing with existing
constructions in the C++ programming language. The idea behind these parallel programming models is that developers
can program, within the same source, CPU as well as GPU/FPGA code and still be standard C++ code. We foresee
more programming models along this line, in which the code to be accelerated is codified at the same level and style as
the main programming language.
4.4

Other Research Directions

Significant research is already in place to address heterogeneous computing technological and adoption challenges. The
future research and development agenda will greatly be driven by the emerging trends discussed in Section 3. Next,
other key future directions are briefly introduced.
Design-Time Tooling. As heterogeneity is driven by the diversity in the applications, software and hardware, it is
imperative to have a research agenda on future design-time tools to support how best to achieve an optimal placement
of software tasks in a given heterogeneous hardware environment.
The importance of the availability of such tools throughout the design exploration process is paramount: they will aim
to facilitate the exploitation of heterogeneous hardware platforms by automating the exploration of design "variants"
when compiling a software task, and at the same time characterise performance time and energy. Such tools will
determine what software components would benefit most from processing on specific heterogeneous hardware and will
also explore: 1) what-if scenarios in order to benefit the overall application execution, and 2) the optimal placement and
scheduling of tasks to achieve the desired trade-off between e.g. performance and energy consumption.
Reliability. Reliability in heterogeneous computing systems is a major concern for all stake holders, e.g. end-users,
application developers, application providers. With heterogeneity expanding further in the future, it will be imperative
to keep assessing or predicting the reliability of applications operating in heterogeneous computing systems. Ensuring
these systems’ reliability in turns requires examining reliability of each individual component or factors involved in
applications before predicting or assessing reliability of the whole system. Due to the complexity of such system, this
will require implementing novel, transparent fault detection and fault recovery schemes to provide seamless interaction
to end-users.
Sustainability Sustainability of ICT systems has attracted considerable attention due to the energy consumption of
such systems. Cyber Physical Systems and the IoT are discovering potential demand domains where relatively high
performance is required from systems which by the nature of the domain are physically constrained, by size, weight or
energy dissipation, or by the reliance on battery or solar energy. Examples include vehicles where space, weight, heat
dissipation and reliance on the engine for power are all constraints. Other examples include other land, underwater and
air vehicles, including unmanned drones.
However, even when physical constraints do not apply, for all kinds of workloads, heterogeneous systems might handle
the workload with fewer and/or smaller servers, saving money, space and energy. Such systems can slash the energy
used to run certain applications, which helps gain clear benefits and addresses the growing interest in green solutions
and the pressure to reduce the environmental impact of, e.g. data centres. A common theme across all scenarios is the
need for low-power computing systems that are fully interconnected, self-aware, context-aware and self-optimising
within application boundaries. Also, increased greenhouse gas emissions are driving the need to lower carbon footprints
and deploy more renewable - green energy sources.
There are a number of initiatives to address sustainability in heterogeneous computing, e.g. novel hardware based
sleep-start controls and clock speed management techniques in multi-core architectures; dynamically coupling the
flow of energy to computing and communication resources; the application of machine learning for task allocation
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and scheduling to optimises a prescribed performance profile; the consideration of the reduced access distance and
network size from the end-user’s application to edge computing devices as it has the potential to create energy savings
in networks, but much more work will be needed.
Security and Privacy Security enforcement (and privacy) are of paramount importance in heterogeneous computing.
Security however is a complex notion due to the specificity of environment (e.g. IoT, embedded, cloud), the contextspecific meaning, the application-specific requirements or stakeholder-specific perceptions. Security threats need to be
identified in the context of the applications running on heterogeneous hardware and contingency plans provided in the
form of end-to-end security mechanisms applicable for applications running in such environments. Note that reducing
the architecture complexity may be required to guarantee security.
A future direction will be to investigate optimal synergies between hardware security mechanisms and software
(at all levels, including the Operating System, libraries and user code). The close coordination of hardware and
software mechanisms ensures that the cost of the security mechanisms is minimized. For example, the Instruction Set
Randomization (ISR) mechanism itself is part of the processor architecture, but significant code needs to be added to
the Operating System to fully exploit such mechanism.

5

Summary and Conclusions

Heterogeneous computing has revolutionised the computer science horizon during the past decade and enabled the
emergence of a number of challenges ahead. The next decade will bring about significant new requirements, from
Cyber Physical Systems and Systems, Industrial IoT and Cloud data centres producing very large data streams to
store, manage, and analyse, to energy and cost-aware personalised computing services that must adapt to a plethora
of heterogeneous hardware devices while optimising for multiple criteria including application-level QoS constraints.
These requirements will be posing several new challenges and will be creating the need for new approaches and research
strategies, and a re-evaluation of not only the traditional software stack (construction, deployment, operation) but issues
such as scalability, resource provisioning, and security.
After identifying the main components of the heterogeneous computing paradigm (see Figure 1), this comprehensive
manifesto brought the advancements together and proposed the challenges still to be addressed in realising the
future generation heterogeneous computing. In the process, the manifesto identified the current major challenges in
heterogeneous computing domain and summarised the state-of-the-art along with the limitations. The manifesto also
discussed the emerging trends and impact areas that further drive these heterogeneous computing challenges. Having
identified these open issues, the manifesto then offered comprehensive future research directions in the horizon for the
next decade. The discussed directions show a promising and exciting future for heterogeneous computing field from the
perspective of research and development, and the manifesto calls the research community for action in addressing them.
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