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ABSTRACT

High Performance Computing systems are currently becoming hugely energy con-
suming (Kurp, 2008), having reached several megawatts of power requested for pre-
exascale and exascale machines, able to achieve a computing power of 1018 floating-
point operations per second.

From the other side, increasingly complex and memory demanding simulations
and data processing are nowadays needed in every field of physics, from condensed-
matter physics to nuclear physics, from particle physics to astrophysics and cosmol-
ogy. Focusing on the latter, current and near-future surveys spanning ranges from
radio to X-rays are producing an outstanding amount of data, which need to be pro-
cessed as much as possible in real-time (Mickaelian, 2016), otherwise storage prob-
lems will raise and many data seriously risk to be thrown away. Furthermore, these
observations have to be compared to simulations, which are currently runwithN-body
(Springel, 2005) and approximated algorithms (Monaco et al., 2002), with the purpose
to reconstruct the formation of cosmic structures in the universe. Largest simulations
are run with trillions of particles, and naturally need supercomputers with petabytes
of memory.

In order to come to an agreement between energy consumed, memory require-
ments and performances of both data processing and simulations, much effort has
been put on the development of modern and energy efficient hardwares, like ARM
CPUs, GPUs and FPGAs, and from the software side, to new programming languages
and green algorithms to catch up with the technological progress. In fact, most codes
require to be redesigned since otherwise they would run very inefficiently on the
newest HPC machines, in other words, they need to be “parallelized”.

In the first part of the thesis, I will focus on a problem raised in a code for radio
imaging anddue to theMessage Passing Interface parallelization scheme (Clarke et al.,
1994), which takes up to ∼ 90% of code’s runtime and this percentage is even doomed
to increase by usingmore andmore computing resources. In parallel computing this is
an example of communication-bound problem, where parallel workers cannot work
independently and they need to exchange data at different steps. To solve this issue
we implemented a customized communication function which is up to 6 times faster
and 7 times less energy consuming than the standard OpenMPI implementation1. To
measure the energy difference, much effort has been done to develop a driver and a
1 https://www.open-mpi.org/
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software in order to read properly the hardware energy counters, which are different
for each vendor (Schöne et al., 2021). The most astonishingly important result that we
found is the algorithmic imprint in energy-to-solution, which, in a nutshell, reflects
the possibility to reduce the energy consumption without impacting on the runtime.
Energy is not solely an integral over time.

The customized communication function has then been implemented in our radio
imaging code, named RICK (Radio Imaging Code Kernels) (De Rubeis et al., 2024).
The communication algorithm impacts in the CPU version of the code, but however
much effort has been put in the full GPU code version. Aside from the communication,
the code performs a convolution kernel to assign point-like data to a two-dimensional
grid (i.e. gridding), several Fourier Transforms and eventually the Earth curvature
correction, which is especially required for large field of view (FoV) observations.

The work of the second part of the thesis has been to offload to GPU all the four
code steps, and the tests against the preceding CPU version. The code has been run at
the Leonardo supercomputer, available at CINECA2, ranked as 7-th in the June 2024
Top500 list3. I’ve been involved in the GPU offloading of the gridding step, and in
the implementation of GPU-GPU communication and Fourier Transform. Commu-
nication has been addressed thanks to NVIDIA Collective Communication Library4,
which utilizes an MPI-like approach, while the Fourier Transform has been addressed
with cuda Fast Fourier Transform forMulti-Processing5, which indeed exploits the Fast
Fourier Transform (FFT) algorithm (Nussbaumer et al., 1982), allowing to scale with
the dataset 𝐷 as 𝐷𝑙𝑜𝑔𝐷 instead of 𝐷2. When the problem size is large, we found that
NCCL communication is 175 times faster than pure CPU communication with MPI,
and cuFFTMP is around 40 times faster than CPU one, leading to an overall perfor-
mance gain factor of ∼ 150. This result is of utmost importance for the heavy datasets
coming from LOFAR (van Haarlem et al., 2013), and then especially for SKA6, which
is supposed to generate hundreds of petabytes of data per year. To handle such a huge
amount of data and perform almost real-time processing the full GPU version of RICK
becomes a milestone, given the performance advantage.

In the last part of the thesis, I put my effort in finding the best compromise between
energy-to-solution and time-to-solution for CPU andGPU configurations of RICK. Re-
sults have been achieved during the period I spent in Perth (WA), in a collaboration
with the Pawsey Supercomputing Centre. My collaborators in Australia let me use
their machine, Setonix7, ranked as 28-th in the June 2024 Top500 list. The machine
has been thought to be green at once, since it’s partially fed with solar panels and it’s
cooled with the aquifer’s water under Perth. Furthermore, many energy counters are
available on the machine and there are user-friendly softwares which allow to access

2 https://leonardo-supercomputer.cineca.eu/it/home-it/
3 https://top500.org/lists/top500/list/2024/06/
4 https://developer.nvidia.com/nccl
5 https://docs.nvidia.com/hpc-sdk/cufftmp/index.html
6 https://www.skatelescope.org/
7 https://pawsey.org.au/systems/setonix/
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them. In agreement with tests run on Leonardo, we found that for large datasets GPUs
are much faster than CPUs, with an average factor of 11. This is an order of magnitude
smaller than the 150 factor achieved on Leonardo, but it’s explained at first since the
entire dataset is smaller by a factor of 6.6, which reduces the GPU-to-CPU computing
power ratio, and secondly since the FFT algorithm is not available for non-NVIDIA
GPU so far, and Setonix is a full AMD machine. In terms of energy-to-solution, GPUs
are 5− 6 times more efficient on average, which is a factor of two smaller than runtime
gain. However, this is explained since GPUs have a higher TDP ratio, but they’re so
faster than CPUs that compensate these power requirements and eventually become
greener. For the sake of completeness we found that, for small datasets, GPUs turn
out not to be the greenest solution, in agreement with the previous sentence. Even-
tually, I had the chance to measure energy consumption by fine-tuning the CPU fre-
quency, finding that in a communication-bound code like RICK it’s possible to pass
from 2.6𝐺𝐻𝑧 to 1.5𝐺𝐻𝑧 with a performance drop of 8% and an energy saving of 30%.
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1
INTRODUCTION

1.1 HPC and its role in science

Figure 1.1: Reconstructed scheme of a standard HPC centre appears. Source:
https://www.trentonsystems.com/en-us/resource-hub/blog/high-performance-computing.

The first question we would like to address is: what is High Performance Com-
puting? There are several books explaining this new field in computer science, for
instance (Aversa et al., 2004; Eijkhout et al., 2016), which address this tricky question.
HPC is a co-design of hardware and software:

• Hardware At this level, people are working to develop modern technologies to
construct always “bigger” machines, with the goal to increase their computing
capabilities, universally measured in 𝐹𝑙𝑜𝑝𝑠, i.e. number of floating-point opera-
tions per second.

3
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• Software From this point of view, people work to develop updated codes and
algorithmswhose purpose is to run efficiently in themodern hardware technolo-
gies. This raises the co-design in which people developing hardware and people
developing software collaborate in an entangled fashion to allow the machines
to reach their theoretical peak performance, i.e. the maximum number of 𝐹𝑙𝑜𝑝𝑠
guaranteed by the vendor.

Aside from performance, one other important aspect in which both hardware and
software developers are focusing is the portability, i.e. the ability to reach a unified
programming scheme which allow software engineers to write codes able to run onto
as many architectures as possible. Figure 1.1 is a simplified scheme of the structure
of an HPC platform. There are many servers filled with tens of computing nodes, i.e.
boards constituted by one or more CPUs, memory banks, internal fast interconnects,
like QuickPath Interconnect or UltraPath Interconnect for Intel architectures, acceler-
ators if they are available, one or more network boards and cables, and an interface
between the CPU and the accelerators/network cables, called PCIe (Peripheral Com-
ponent Interconnect Express) (Wilen et al., 2003; Budruk et al., 2004; Fountain et al.,
2005). Interconnects, interfaces and networks are characterized by their bandwidth,
measured in 𝐺𝐵/𝑠, i.e. how many billions of bytes can be transferred per second.

There isn’t currently any Physics field in which High Performance Computing is
not necessary, due to the huge number of operations needed, which cannot be per-
formed by hand anymore. Molecular dynamics, condensed matter physics, nuclear
physics, plasma physics, particle physics and, most important for this thesis project,
astrophysics and cosmology require now the calculation of interations among up to
trillions of particles. Considering an average of 300𝐵 per particle, a straightforward
calculation means that ∼ 300𝑇𝐵 of memory will be needed to allocate particles’ mem-
ory only. If other datasets are to be included, like for instance grids in two or three-
dimensional space, the memory requirement easily reaches the 𝑃𝐵 scale. It is straight-
forward to grasp that any single computer cannot reach such a huge amount of mem-
ory. This led to the idea of connecting together many single computers, in order to
reach the requested memory by summing up all the memories of the single calcula-
tors. As already mentioned, these single computers are called computing nodes.

This forced software developers to write programs able to exploit “parallelism”,
i.e. the ability to use multiple computing resources at the same time by splitting the
workload among the “parallel workers” (Akl, 1997).

Figure 1.2 shows schematically how parallelism works. On the right side, we see
the serial computing, where different tasks with all their instructions are assigned to
a single worker, which is in charge to perform all of them sequentially. On the left, the
associated parallel computing scheme is displayed, in which four tasks are assigned to
four differentworkers, which are able to execute the tasks instructions concurrently. In
principle, if 𝑁 is the number of parallel workers, the code’s workload can be split into
𝑁 tasks to be assigned to each worker, and if original execution time is 𝑇, the expected
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Figure 1.2: Scheme of how tasks are assigned to the CPU in the serial case (on the right), and in
the parallel case (on the left). Parallelism allows the CPU to perform multi-tasks and their instruc-
tions at the same time. Source: https://pythonnumericalmethods.studentorg.berkeley.edu/
notebooks/chapter13.01-Parallel-Computing-Basics.html.

one in the parallel case is 𝑇/𝑁 . Deviations with respect to this theoretical expectation
will be explored in Section 1.6 and Section 1.7.

There are at least two levels of parallelism in an HPC machine:

• The parallelism thanks to different computing nodes connected with a network.
• The parallelism inside each computing node.

We will go into the detail of this distinction in the next sections. The current most
powerfulmachines, which harness both level of parallelism, reach the order of𝑁 ∼ 105

parallel workers, distributed among ∼ 103 −104 computing nodes. All of them use the
Linux OS environment.

https://pythonnumericalmethods.studentorg.berkeley.edu/notebooks/chapter13.01-Parallel-Computing-Basics.html
https://pythonnumericalmethods.studentorg.berkeley.edu/notebooks/chapter13.01-Parallel-Computing-Basics.html
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1.2 The 500 rankings

Figure 1.3: Top500 logo. Source: https://www.pngegg.com/en/png-tfqro.

In June 1993, HPC machines started to be classified in the Top5001 list (see Fig-
ure 1.3), ranked by their HPL performance in 𝐹𝑙𝑜𝑝𝑠. High Performance Linpack is
a benchmark (J. J. Dongarra, 1988; J. J. Dongarra et al., 2003), which measures how
quickly a computer solves a dense system of 𝑛 linear equations, for instance:

𝑎1 × 𝑦1 = 𝑏1

𝑎2 × 𝑦2 = 𝑏2
...

...
...

𝑎𝑛 × 𝑦𝑛 = 𝑏𝑛

Figure 1.4 shows the first 10 machines ranked according to the Top500, updated at
June 2024. There are two machines which have reached the exascale, i.e. 1018𝐹𝑙𝑜𝑝𝑠,
Frontier2 and Aurora3. However, the achieved performance, in the fourth column, is
much smaller than the theoretical peak performance, in the fifth column. In the case
of Aurora, it turns out that the supercomputer reaches around 50% of the theoreti-
cal performance, given as the summation of the peak performance of all its compo-
nents. From the fifth to the ninth place, there are four European machines, in which
there is also the Italian Leonardo supercomputer, used for many tests in this thesis.
It is interesting that 9 out of 10 are equipped with accelerators, while the Fugaku su-
percomputer in Japan does not have such hardware technology. Above 1𝐸𝐹𝑙𝑜𝑝𝑠, the
difference between the actual performance and the theoretical performance becomes
dramatic.

Dense linear equation systems are extremely useful, but in computer science and
especially in Physics the codes involved need to perform much more complex calcu-
lations, i.e. particle-particle interations, integrations of 2D-3D differential equations,
computations of Fourier Transforms, operations on trees, and so on. In such cases,
the performance obtained with HPL cannot be meaningful to shade light on the actual
computing power of the machines. Furthermore, as will be discussed in Section 1.7, in
these more complex codes tasks distributed among parallel workers are not indepen-

1 https://top500.org/
2 https://www.hpe.com/emea_europe/en/compute/hpc/cray/oak-ridge-national-laboratory.html
3 https://www.anl.gov/aurora

https://www.pngegg.com/en/png-tfqro
https://top500.org/
https://www.hpe.com/emea_europe/en/compute/hpc/cray/oak-ridge-national-laboratory.html
https://www.anl.gov/aurora
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dent, and some kind of information exchange between theworkers is unavoidable. For
this reason, another benchmark was developed to complement the LINPACK bench-
marks, i.e. HPCG, High Performance Conjugate Gradients4 (Heroux et al., 2013; J.
Dongarra et al., 2013; Marjanović et al., 2015), which is intended to model the data ac-
cess patterns of real-world applications such as sparsematrix calculations, thus testing
the limitations due to memory impact and the internal interconnect of the supercom-
puter on its computing performance. Information exchange is thus needed and the
impact of memory transfer does not allow the machine to focus only on the computa-
tions, because of communications, leading to the performance drop shown in the last
column of Figure 1.5.

It is easy to notice that the rankings are changed with respect to the Top500 list,
at least for the first 10 machines. Now the non-accelerated Japanese Fugaku is the
most powerful supercomputer in HPCG, with a peak performance of 16𝑃𝐹𝑙𝑜𝑝𝑠. By
comparing the performances inHPL andHPCGwe get a factor of 28 in degradation for
Fugaku, which becomes a much more dramatic factor of 86 and 181 for the “exascale”
machines Frontier and Aurora, respectively.

HPCG performance drop hints that exa-scale has not actually been reached since
a more accurate memory impacting benchmark reveals that the nominal performance
achievement is 14 − 16𝑃𝐹𝑙𝑜𝑝𝑠, meaning that current HPC has arrived at peta-scale
instead of exa-scale. It is interesting to note that the machine which is the fourth in
Top500 is the first in the HPCG500 and, furthermore, is also the only machine without
accelerators.

4 https://top500.org/lists/hpcg/2024/06/

https://top500.org/lists/hpcg/2024/06/
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Figure 1.4: First 10 machines in the Top500 list. Source: https://top500.org/lists/top500/
2024/06/.

https://top500.org/lists/top500/2024/06/
https://top500.org/lists/top500/2024/06/
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Figure 1.5: First 10 machines in the HPCG500 list. Source: https://top500.org/lists/hpcg/
2024/06/.

https://top500.org/lists/hpcg/2024/06/
https://top500.org/lists/hpcg/2024/06/
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1.3 The Green500 list and the green computing

In 1990’s the American DOE (Department of Energy) stated that consumption due
to HPC platforms was soon becoming unsustainable, urging the research centres to
develop new hardware architectures in order to reduce energy consumption. This
topic has been discussed in many works, we cite (Lo et al., 2010; Gai et al., 2016; More
et al., 2017; Paul et al., 2023) for an introduction to the problem.

The problem easily became of utmost importance in HPC and machines started to
be ranked in the Green5005 list (Ge et al., 2007; W.-c. Feng et al., 2007; W.-C. Feng et
al., 2009; W.-c. Feng et al., 2010; Scogland et al., 2011; Scogland et al., 2013), with their
energy efficiencymeasured by 𝐺𝐹𝑙𝑜𝑝𝑠/𝑊 , i.e. billions of floating-point operations per
second per watt.

Figure 1.6 displays the first 10 machines in the Green500 list, and in the second
column there is the respective rank in HPL, according to Top500. It is fundamental
to observe that each machine in this brief list is equipped with accelerators, since the
Japanese Fugaku cannot catch up with accelerators’ energy efficiency per 𝐹𝑙𝑜𝑝. This
is the main reason why heterogeneous computing, in which different hardware tech-
nologies are combined together to build each computing node, will be dominant in
the future. In particular, accelerated platforms have multi-purpose CPUs with low
computing throughput, whose purpose is to manage the accelerators’ workload, still
doing computations when very specific libraries have not been accelerated yet, i.e.
Fourier Transforms or communication libraries, which are not yet available in all the
platforms. We notice the presence in this classification of the Australian Setonix-GPU
HPC machine, which has been used for the tests that will be discussed in Chapter 6.
In particular, the machine has been thought to be as green as possible, being partially
fed with solar panels and cooled with the aquifer water behind Perth. Furthermore,
people there put all the available counters, for both CPUs and accelerators at our dis-
posal, in order to help us with our energy measurements. Another important feature
of the machine is the capability to change the CPU frequency at each run, in order to
test the energy impact and the performance degradation due to the clock frequency
reduction.

Following the discussion of Section 1.2, there are two machines who have reached
the exascale in HPL, however, as we stressed out, HPL is not a good reference for
true scientific codes, especially for the high-resolution simulations needed in numer-
ical cosmology and condensed matter physics. A deep observation of Figure 1.4 and
Figure 1.5 shows that, taking as reference the Fugaku supercomputer, and the Amer-
ican Frontier and Aurora supercomputers, a trivial calculation implies that reaching
exascale in HPCGmeans consuming 837𝑀𝑊 for Fugaku, 1.96𝐺𝑊 for Frontier and the
enormous number of 7𝐺𝑊 for Aurora. These numbers are incredibly huge, especially
for accelerated machines, which would need large nuclear power plants (one per ma-

5 https://top500.org/lists/green500/2024/06/

https://top500.org/lists/green500/2024/06/
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chine) to be fed in order to reach the “real” exascale. It is easy to understand that
such a huge amount of nuclear fuel would lead to outstanding cost of production and,
much more important, to environmental disasters. To shed some light on this dark
future, both companies and computer scientists are collaborating to develop always
greener hardware technologies and, in the meantime, algorithms which suit to these
new technologies, aware to find the cheapest instructions at the assembler level.

From the hardware’s point of view much effort has been done to develop more
green technologies, like the new ARM (Advanced Risc Machine) CPUs, whose com-
plexity is much smaller compared to Intel and AMD CPUs, which reduce the energy-
to-solution while maintaining a good time-to-solution (Aroca et al., 2012; Calore et al.,
2020; Noor Rahman et al., 2024; Suárez et al., 2024; Dakić et al., 2024). However, in the
Green500 list, the first totally ARM machine is ranked only 61𝑡ℎ . This happened be-
cause HPC has been going through heterogeneous computing, which includes multi-
core CPUs and GPUs (Graphic Processing Units).

GPUs, whose scheme is compared to the CPU one in Figure 1.7, have been thought
for graphic purposes, which needed massive parallelism to construct images whose
pixels were independent from one another. In early 2000’s they started to be used
in HPC as well, because of their enormous natural parallelism. They have up to thou-
sands of computing cores, which are singularly smaller thanmulti-purposeCPU cores,
but are incredibly efficient for computing, i.e. they have logic units and instructions for
summations, multiplications and transcendental functions as well. Of course, unlike
graphic problems, actual scientific codes need cores’ synchronization, because usually
the computation which is assigned to a specific GPU core does depend on the ones as-
signed to other cores, so kind of barriers are needed in the codes. However, in many
cases, GPUs turn out to be much faster than CPUs. They cannot be installed directly
on a machine without CPUs, however, because they need a central processing unit to
give them the right instructions. Unless with the new unified architecture schemes,
like NVIDIA Grace Hopper 200 chip6 or AMD Radeon Instict MI300X APU7, memory
exchanges between CPUs and GPUs are needed because the GPU cannot directly ac-
cess the CPU memory. The accelerators then store data in their RAM memory, but
they do have some cache levels as well, each one shared among smaller and smaller
numbers of GPU cores.

GPU energy efficiency has been studied in (Huang et al., 2009; B. Wang et al., 2013;
Mittal et al., 2014; Qasaimeh et al., 2019; Jahanshahi et al., 2020), which confirm that
heterogeneous CPU+GPU computing will be prevalent in the future architectures.
GPU computingwill be themilestone of this thesis, aswill be clear in the next chapters.

In Figure 1.5, it is noticeable that GPUs perform better for HPL tests rather than
HPCG ones. The main explanation for this gap of performance is due to the memory
imprint of HPCG, which, as already mentioned, impacts significantly on the result.
To sum up, in the case of solving linear equation systems, GPUs appear much faster

6 https://www.nvidia.com/it-it/data-center/grace-hopper-superchip/
7 https://www.amd.com/en/products/accelerators/instinct/mi300/mi300x.html

https://www.nvidia.com/it-it/data-center/grace-hopper-superchip/
https://www.amd.com/en/products/accelerators/instinct/mi300/mi300x.html
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than CPUs, but when communication becomes relevant GPU machines start to suffer
a deeper performance drop. However, to face this problem, current GPU vendors
are developing libraries to handle memory dominated applications, available in HPC-
SDK8 for NVIDIA, ROCm9 for AMD and oneMKL10 for Intel. These communication
schemes are extremely capable to fix this memory issue, making memory dominated
algorithms to run efficiently onGPUs aswell. Their impact compared to standard CPU
cases will be presented and discussed in Chapter 4,Chapter 5,Chapter 6.

For the sake of completeness, we include FPGAs (Field Programmable Gate Array)
in this Section. An FPGA is not an hardware with fixed architecture, but it’s a “box”
with a set of logic units inside which are activated depending on the code’s purposes.
This makes them really not user-friendly and sometimes it’s hard to compile a code
because the set of logic units in the device doesn’t match with the code instructions.
Their energy efficiency has been studied in (Betkaoui et al., 2010; Qasaimeh et al.,
2019; Nguyen et al., 2020; Nguyen et al., 2022). In some extent, they’re more efficient
in trade-off between energy-to-solution and time-to-solution than GPUs. An FPGA
scheme example is shown in Figure 1.8.

In terms of atomic operations, much effort has been put in order to improve the
silicon chips to save as much energy as possible. Figure 1.9, from the update about
(Leland et al., 2014) work, shows how the energy cost, measured in picojoules 𝑝𝐽,
changed from 2012 to 2020. In particular, a double-precision floating point operation
used to consume 25𝑝𝐽, which became 4𝑝𝐽 in 2020. All the other operations involve
memory movements, i.e. energy spent to access CPU registers, to access memory re-
gions far 1−5𝑚𝑚, to go off the silicon chip, and eventually to access DRAM and global
memory. The take-home message in this plot is that arithmetic intensive operations
are much cheaper than memory operations. This means that the greenest solution is
to write codes whose arithmetic intensity is much larger than memory intensity, espe-
cially for GPU applications. However, this is not always possible, and many memory
dominated applications do exist, whose memory impact dramatically increases the
larger computing resources used. In these cases it becomes fundamental tomodify the
memory intense algorithms to reduce as much as possible the memory operations, for
instance saving them in registers to avoid memory access at each step when variables
are repeatedly used.

8 https://developer.nvidia.com/hpc-sdk
9 https://www.amd.com/en/products/software/rocm.html
10https://www.intel.com/content/www/us/en/developer/tools/oneapi/onemkl.html

https://developer.nvidia.com/hpc-sdk
https://www.amd.com/en/products/software/rocm.html
https://www.intel.com/content/www/us/en/developer/tools/oneapi/onemkl.html


1.3. The Green500 list and the green computing 13

Figure 1.6: First 10 machines in the Green500 list. Source: https://top500.org/lists/hpcg/
2024/06/.

https://top500.org/lists/hpcg/2024/06/
https://top500.org/lists/hpcg/2024/06/
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Figure 1.7: CPU andGPU schemes, respectively. CPUs have large multi-purpose cores, whereas GPUs
have smaller cores specific for massively parallel computing. Source: https://community.fs.com/
it/article/deep-comparison-between-server-cpu-and-gpu.html

Figure 1.8: Schematic example of an internal structure in an FPGA. Source: https://www.
logic-fruit.com/blog/fpga/fpga-design-architecture-and-applications/

https://community.fs.com/it/article/deep-comparison-between-server-cpu-and-gpu.html
https://community.fs.com/it/article/deep-comparison-between-server-cpu-and-gpu.html
https://www.logic-fruit.com/blog/fpga/fpga-design-architecture-and-applications/
https://www.logic-fruit.com/blog/fpga/fpga-design-architecture-and-applications/
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Figure 1.9: Energy cost, in picojoules (pJ) per 64-bit floating-point operation, for various common
operations within a computer. The upper (gray) line characterizes energy cost estimates in 2012 tech-
nology, and the lower (blue) line projects costs in 2020. Note that the double-precision floating-point
arithmetic (DP FP Op) energy cost is comparable to that for moving the same data 1mm–5mm on chip;
that cost is dwarfed by the cost of any movement of this same data off chip. Source: (Leland et al., 2014)
update.



16 1. Introduction

1.4 Parallel computing

Moore’s law is an empirical law stating that the number of transistors in an integrated-
circuit doubles every two years, at the beginning, and every 18 months with techno-
logical process, while the power consumption remains constant (G. Moore, 1998; G. E.
Moore, 2006). This last result is due to Dennard law (Dennard et al., 1974; Dennard
et al., 1999):

𝑃 ∝ 𝐶 ×𝑉2 × 𝑓 (1.1)

𝐶 is the transistor capacitance, scaling as the area,𝑉 is the voltage, scaling as the linear
dimension and 𝑓 is the frequency. If the linear size shrinks so do the voltage, meaning
that if the area remains equal, the frequency can increasewithout impacting the power
consumption.

Figure 1.10: Original data up to the year 2010 collected and plotted by M.Horovitz, F.Labonte,
O.Shacham, K.Olukotun, L.Hammond, and C.Batten.
New plot and data collected for 2010 − 2017 by K.Rupp.

However, Figure 1.10, where the number of 𝐺𝐹𝑙𝑜𝑝𝑠 is plotted as a function of the
year, shows that even if the number of transistor still follows the Moore’s law, single-
thread performance andCPU frequency have aworse increase than expected, whereas
power consumption started to increase in 1990’s. This happens because when the
scales become too small, quantum effects start to be dominant. We can summarize
them into:

• Leakage current
• Threshold voltage
• Physical limits at atomic scales
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So, as transistors get smaller, power consumption actually increases, leading to a
power wall which prevented the CPU frequency to increase beyond 3𝐺𝐻𝑧 since the
last decade. The question is: why does the transistor number still follows the Moore’s
law?

Figure 1.10 shows that another quantity, i.e. the number of logical cores, increases
as well. Until early 2000’s CPUs were serial, i.e. they were constituted by a single
core only. People thought that if quantum effects destroyed Dennard scaling (Es-
maeilzadeh et al., 2011), the increase in CPU computing power could still be achieved
by increasing the number of CPU cores. This trend lead from dual-core CPUs up to
current ∼ 102 cores CPUs.

Two CPU cores of 3𝐺𝐻𝑧 each do not have the same computing power of one 6𝐺𝐻𝑧
core, due to:

• Cores coordination (at hardware level)
• Threads coordination (at software level)
• Memory contention access
• Increased algorithmic complexity

Figure 1.11 shows a simplified example of an Intel CPU with 8-cores (Zajqc et al.,
2018). Each core has a level 1 cache memory, L1, which has a few 𝐾𝐵 capacity and its
owned by the specific core only. It is the fastest memory to access. Each core has also
L2 cache, with hundreds of 𝐾𝐵 capacity in general, which can be either core’s exclusive
or shared among more than one core. Shown in the figure there is L3 cache, shared
among all the cores and with up to 𝑀𝐵 of memory capacity. L3 is the slowest cache
level to access (Saavedra et al., 1995; Henning, 2000; Pas, 2002). Eventually there is the
RAM (Random Access Memory), shared over all the cores, which has in general tens
of 𝐺𝐵 capacity and is by far the slowest memory accessible by the cores.

Multi-core CPUs pioneered the era of parallel computing. Before that, parallel
computing was made by connecting two or more computers with single-core CPUs.
Although several attempts have beenmade to reduce the programmers’ workload and
to make parallel computing user-friendly, it has been very hard to write compilers
which take as input serial codes and parallelize them. The only efficient way to handle
this problem is to use parallelization paradigms, which permit the programmer to rely
on libraries, available in C,C++,Fortran,Python and other languages, to implement
parallel codes. The parallelization paradigms are split into:

• distributed-memory, where parallel workers are given only memory portions,
and cannot directly access to memory portions owned by other workers.

• shared-memory, where parallel workers share the entire CPU memory.

These two concepts are fundamental in parallel programming, and will be dis-
cussed several times in this thesis. The two most popular ones for each paradigm are:

• MPI, Message Passing Interface.
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• OpenMP, Open MultiProcessing11.

Almost each C/C++ compiler supports OpenMP (Chandra et al., 2001; Chapman
et al., 2007; Pas et al., 2017), which is a pragma-based paradigm, it allows the program-
mer to include parallelism by impacting as little as possible on the code.

In Figure 1.12 there is an example of a single-thread “Hello world”. Because it’s
the serial version, no pragma is needed, and the function call identifying the thread
recognizes only process 0. The situation becomesmore interesting in Figure 1.13, when
a parallel region is opened with the pragma. In this case several threads are spawned,
depending on the environment variable declared in the central panel. By setting the
number of OpenMP threads to 4, 4 different processes will print “Hello world”.

MPI is a standard for distributed parallel computing, where each MPI process (or
rank of task), owns a specific memory region and cannot access memory pertaining
to another process. For a more detailed discussion about MPI and its functions see
Chapter 3. The first version, MPI-1, was released in June 1994, after almost three years
of efforts. In the next decades, MPI-2, MPI-3 and MPI-4 were released, including at
each step new features including the possibility of using MPI processes in shared-
memory and non-blocking MPI functions (see Chapter 3) (Walker, 1992; The MPI
Forum, 1993; Sur et al., 2006; Nielsen, 2016). MPI-5 version is currently under de-
velopment. There are several implementations of these standards, like OpenMPI12,
MPICH13, MVAPICH14, IntelMPI15, SpectrumMPI16.

In Figure 1.14 we show an example of “Hello world” code in MPI. At first glance, we
note that MPI introduces a new level of complexity compared to OpenMP, which is
pragma-based, with the inclusion of MPI functions. The code is run withmpirun/mpiex-
ec/srun calls, and the number of MPI processes is chosen with -n/-np 𝑁 by the pro-
grammer during each execution. No environmental variables and code modifications
are needed in this case to run the code with 1, 2, 3, 4, ...MPI tasks, respectively.

It is important to say that the code shown in Figure 1.14 is exactly the same and
works perfectly in any MPI implementation, meaning that in this case an MPI code
is portable. However, when more complex and exotic functions are used in MPI, for
instance in the new communication implementation described in Chapter 3, one out
of the preceding MPI implementations can display errors at compile time or runtime,
and if not, important performance differences are usually present. This happens be-
cause although the functions have the same names in any MPI library, the underlying
implementations may have important differences, i.e. there are several ways to write
a C code in MPI for a specific function.

11https://www.openmp.org/
12https://www.open-mpi.org/
13https://www.mpich.org/
14https://mvapich.cse.ohio-state.edu/
15https://www.intel.com/content/www/us/en/developer/tools/oneapi/

mpi-library-documentation.html
16https://www.ibm.com/it-it/products/spectrum-mpi

https://www.openmp.org/
https://www.open-mpi.org/
https://www.mpich.org/
https://mvapich.cse.ohio-state.edu/
https://www.intel.com/content/www/us/en/developer/tools/oneapi/mpi-library-documentation.html
https://www.intel.com/content/www/us/en/developer/tools/oneapi/mpi-library-documentation.html
https://www.ibm.com/it-it/products/spectrum-mpi
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Figure 1.11: Simplified example of an Intel CPU with 8-cores, the L3 cache shared among all the cores.
Source: (Zajqc et al., 2018).
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Figure 1.12: “Hello world” OpenMP C code and corresponding output without opening any parallel
region. Source: https://curc.readthedocs.io/en/latest/programming/OpenMP-C.html

Figure 1.13: “Hello world” OpenMP C code and corresponding output with a parallel region and
exporting the number of OpenMP threads. Source: https://curc.readthedocs.io/en/latest/
programming/OpenMP-C.html

https://curc.readthedocs.io/en/latest/programming/OpenMP-C.html
https://curc.readthedocs.io/en/latest/programming/OpenMP-C.html
https://curc.readthedocs.io/en/latest/programming/OpenMP-C.html
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Figure 1.14: “Hello world” MPI example C code and corresponding output with 4 MPI processes.
Source: https://mpitutorial.com/tutorials/mpi-hello-world/.

https://mpitutorial.com/tutorials/mpi-hello-world/
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1.5 GPU computing

As already mentioned in Section 1.3, the employment of Graphic Processing Units for
scientific computing started in early 2000’s (Krüger et al., 2003; Bolz et al., 2003; Tarditi
et al., 2006; Owens et al., 2007; Owens et al., 2008).

However, at the beginning GPU computing was very hard, because programmers
had to rely on really low-level languages, like OpenGL17 (Segal et al., 2004) and Di-
rectX18, which were not user-friendly because of their cumbersome API (Application
Programming Interface). General Purpose GPU computing (GPGPU) became more
popular when NVIDIA introduced its new own language, CUDA (Compute Unified
Device Architecture)19 (Sanders et al., 2010) (see (Manavski et al., 2008) as one of
the first examples of CUDA scientific computing). CUDA is a C++ extension which
contains new APIs to allow GPU programming. A standard CUDA program is split
into:

• APIs, which are functions called by the CPU whose purpose is to manage the
CPU (host) and the GPU (device) interations. Several functions are available
to allocate memory on the GPU, to copy memory from host to device and vice-
versa, to synchronize both the host and the device, and so on.

• Kernels, which are the functions that are actually “offloaded”.

Kernels can be divided their turn into:

• host: this function can only be called by the CPU and is executed by the CPU
itself.

• global: this function can only be called by the CPU and is executed by the GPU.
• device: this function can only be called inside a global kernel by the GPU and is

executed by the GPU itself.

Figure 1.15: Differences in an “Hello world” code in C and CUDA. Source: https://krutikabapat.
github.io/Learn-CUDA-Programming-using-Google-Colab/.

Figure 1.15 is an example inwhich the differences between C and CUDA are shown
for an “Helloworld” code. We see the two functions that are called, which is a standard
17https://www.opengl.org/
18https://www.microsoft.com/it-it/download/details.aspx?id=3
19https://developer.nvidia.com/cuda-toolkit

https://krutikabapat.github.io/Learn-CUDA-Programming-using-Google-Colab/
https://krutikabapat.github.io/Learn-CUDA-Programming-using-Google-Colab/
https://www.opengl.org/
https://www.microsoft.com/it-it/download/details.aspx?id=3
https://developer.nvidia.com/cuda-toolkit


1.5. GPU computing 23

void for theC code, while it has that global clause before void. The two numbers between
the angle brackets in the right panels are the number of block of threads that we want
to use and the number of threads per each block. This is because of the underlying
hardware, which is made of several streaming multiprocessors, that can be thought
roughly as groups of cores. For the sake of completeness, all the global functions must
be void and cannot return anything to the host. In this case GPU natural parallelism
is not exploited, since just one block with one threads is actually running.

Figure 1.16: Saxpy operation, in which one vector is multiplied by a constant and it’s summed to a
second vector to obtain a final vector. The C example (left panel) and the CUDA example (right panel)
are shown. Source: https://blogs.nvidia.com/blog/what-is-cuda-2/.

In Figure 1.16 the comparison between a C saxpy code and the corresponding
CUDA one is shown. Saxpy is a test in which there are two input vectors, where the
first one is multiplied by a constant and then summed to the second one to get the
resulting vector. Differently from the previous case, now it is necessary to transfer
memory between the CPU and the GPU, because at the beginning the original vectors
are only existing on the host. The function is called cudaMemcpy. The first argument
is the new buffer, while the second argument is the original vector that the program-
mer wants to copy. The third argument is the array length, while the last one is the
direction of the operation, i.e. we can copy both from CPU to GPU or from GPU to
CPU. The first two calls are the copies of the two vectors onto the device. After that,
the saxpy function is called, this time with many more GPU threads, in the particular
case 𝑁𝑏𝑙𝑜𝑐𝑘𝑠 = 4096 and 𝑁𝑡ℎ𝑟𝑒𝑎𝑑𝑠 = 256, for a total of 𝑁𝑡𝑜𝑡 = 1048576 total threads. If
the array dimension, here labelled with 𝑁 or 𝑛 is greater than 𝑁𝑡𝑜𝑡 , the if-clause in the
global function says that only the first 𝑛 threads are actually performing the operation.
Eventually, the updated vector is copied back to the host which gets the final result.

However, CUDA is not the only language extension to program a GPU. For in-
stance, AMD GPUs are programemd with another language, whose calls are exactly
equal to CUDA ones, which is called HIP (Heterogeneous-computing Interface for

https://blogs.nvidia.com/blog/what-is-cuda-2/
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Portability)20. HIP (Sun et al., 2022) is included in the AMD software stack, ROCm21.
The only observable difference of a HIP code with the one shown in Figure 1.16 is the
replacement of the cudaMemcpy function call with hipMemcpy. Another relevant dif-
ference regards the number of threads per block, that we called 𝑁𝑡ℎ𝑟𝑒𝑎𝑑𝑠 above, which
must be amultiple of 32 in the case of NVIDIAGPUs, while must be amultiple of 64 in
the case of AMD. This is due to hardware differences. This minimum thread number
is called warp size.

Figure 1.17: CUDA kernels are subdivided into blocks. Source: https://developer.nvidia.com/
blog/cuda-refresher-cuda-programming-model/.

Figure 1.17 shows an example of howGPU cores can be assigned to different thread
blocks. As discussed above, it is necessary to find the best trade-off between the hard-
ware requirements, i.e. the minimum warp size, and the code requirements, i.e. the
thread displacement depending on the code. For example, when you have to perform
vector operations, standard linear thread assignment is the best solution, while it is
not the case for matrix operations, in which the topology may suggest to assign 2D
blocks of threads, like the right panel in the figure.

CUDA is a low-level C++ extension for GPU programming, that requires a deep
study of its syntax and very careful threads/blocks assignments, CUDA calls and ker-
nel writing to make the code reach the best performance available. However, there are
other pragma-based paradigms, i.e. OpenACC22 (Wienke et al., 2012; Herdman et al.,
2014; Sabne et al., 2015; Farber, 2016; Chandrasekaran et al., 2017; Oyarzun et al., 2021),
which has been used even for FPGA computing (S. Lee et al., 2016), and OpenMP23

(S. Lee et al., 2009; S. Lee et al., 2010; Bertolli et al., 2014; Hayashi et al., 2019; Huber
et al., 2022; Doerfert et al., 2022), which allow for GPU offloading.

In Figure 1.18 we show the GPU porting on OpenACC of the 2D Laplace solution
in Fortran. The original equation is:

Δ 𝑓 (𝑥, 𝑦) = 𝜕2 𝑓 (𝑥, 𝑦)
𝜕𝑥2 + 𝜕2 𝑓 (𝑥, 𝑦)

𝜕𝑦2 = 0 (1.2)

20https://rocm.docs.amd.com/projects/HIP/en/latest/
21https://www.amd.com/en/products/software/rocm.html
22https://www.openacc.org/
23https://enccs.github.io/openmp-gpu/

https://developer.nvidia.com/blog/cuda-refresher-cuda-programming-model/
https://developer.nvidia.com/blog/cuda-refresher-cuda-programming-model/
https://rocm.docs.amd.com/projects/HIP/en/latest/
https://www.amd.com/en/products/software/rocm.html
https://www.openacc.org/
https://enccs.github.io/openmp-gpu/
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The spatial discretization in the second-order scheme can be written as:

𝜕2 𝑓 (𝑥, 𝑦)
𝜕𝑥2 =

𝑓 (𝑥𝑖+1 , 𝑦) − 2 𝑓 (𝑥𝑖 , 𝑦) + 𝑓 (𝑥𝑖−1 , 𝑦)
Δ𝑥

(1.3)

Inserting Equation 1.3 into Equation 1.2 leads to the final expression:

𝑓 (𝑥𝑖 , 𝑦 𝑗) =
𝑓 (𝑥𝑖+1 , 𝑦) + 𝑓 (𝑥𝑖−1 , 𝑦) + 𝑓 (𝑥, 𝑦 𝑗+1) + 𝑓 (𝑥, 𝑦 𝑗−1)

4
(1.4)

Equation 1.4 is the equation actually solved in Figure 1.18. We notice the data con-
structs, where copyinmeansmovingmemory from the host to the device, while copyout
means the opposite. Inside the parallel loop, there are the gang,worker,vector clauses,
which are related to distribution of work among blocks (gangs), each one spawning
threads (worker) with vectorization (vector). Vectorization is another level of paral-
lelism in which the hardware’s vector registers are used. They allow to perform more
than one operation per clock, whose number depends on the length of the vector reg-
isters. The collapse clause is inserted to distribute among all the threads the nested
loop cycle defined after. Reduction operation in the second parallel region means to
find the maximum value of the error among all the threads.

Figure 1.19 is the corresponding OpenMP version of the code in Figure 1.18. The
code structure is the same as the OpenACC case, there is just a syntax difference. In
terms of data management, copyin/copyout are replaced with mapto/mapfrom, while
gang/worker/vector are replaced with teams/distribute/simd, respectively. The target in
the OpenMP version is what established that the next code lines need to run on the
accelerator. Without the target clause a parallel region on the CPU as in the standard
OpenMP case will be opened.

Although the two implementations are equivalent, OpenMP ensures much more
portability than OpenACC, by having C/C++/Fortran support with several compil-
ers forNVIDIA/AMD/INTELGPUs, whereasOpenACChas C/C++/Fortran support
just for NVIDIA GPUs, and a Fortran support for AMD GPUs. If we want our code to
run onto different HPC platforms, the best solution is to use OpenMP. In conclusion,
both OpenACC and OpenMP are much more user-friendly than CUDA, because they
allow you to offload code portions on the GPU simply by adding few code lines, avoid-
ing the need to write CUDA kernels by hand and manage directly memory transfers.
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Figure 1.18: OpenACC code for 2D Laplace equation solution. Source: https:
//documentation.sigma2.no/code_development/guides/converting_acc2omp/
openacc2openmp.htmlporting-openacc-to-openmp-offloading.

https://documentation.sigma2.no/code_development/guides/converting_acc2omp/openacc2openmp.htmlporting-openacc-to-openmp-offloading
https://documentation.sigma2.no/code_development/guides/converting_acc2omp/openacc2openmp.htmlporting-openacc-to-openmp-offloading
https://documentation.sigma2.no/code_development/guides/converting_acc2omp/openacc2openmp.htmlporting-openacc-to-openmp-offloading
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Figure 1.19: OpenMP code for 2D Laplace equation solution. Source: https://documentation.
sigma2.no/code_development/guides/converting_acc2omp/openacc2openmp.
htmlporting-openacc-to-openmp-offloading.

https://documentation.sigma2.no/code_development/guides/converting_acc2omp/openacc2openmp.htmlporting-openacc-to-openmp-offloading
https://documentation.sigma2.no/code_development/guides/converting_acc2omp/openacc2openmp.htmlporting-openacc-to-openmp-offloading
https://documentation.sigma2.no/code_development/guides/converting_acc2omp/openacc2openmp.htmlporting-openacc-to-openmp-offloading
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1.6 Strong and weak scalability

The performance in parallel codes is measured in terms of the scalability, which de-
scribes the change in the code’s runtime when computing resources or problem sizes
increase. In particular, the relevant quantities associated to codes’ scalability are the
speed-up or the efficiency, defined as:

𝑆𝑝 =
𝑇0
𝑇𝑁

; 𝐸 𝑓 𝑓 =
𝑇0

𝑁 × 𝑇𝑁 (1.5)

In Equation 1.5, 𝑇0 is the lowest computing resources runtime, which is for instance the
serial case, while 𝑇𝑁 is the code’s runtime with 𝑁 parallel workers. In the particular
case of strong scalability, i.e. the problem size is fixed but the number of parallel
workers increases, the ideal theoretical solution is:

𝑆𝑝 = 𝑁 ; 𝐸 𝑓 𝑓 = 1 (1.6)

This ideal case hardly ever happens because almost each parallel code is composed
by a serial and a parallel part. Thus, to compute the actual speedup achievable, the
correct version of Equation 1.5 is given by the Amdahl’s law (Amdahl, 1967):

𝑆𝑝 =
1

(1 − 𝑃) + 𝑃
𝑁

(1.7)

In Equation 1.7, 𝑃 is the parallel fraction of the code. Of course, when 𝑃 = 1, Equa-
tion 1.7 is equal to Equation 1.5.
Hereafter we considered only the case in which the problem size is fixed. However,
this is not the general case, where we imagine that the problem size increase with the
number of parallel workers. This is the case of weak scalability, and Amdahl’s law
needs to be generalized and becomes the Gustafson’s law (Gustafson, 1988):

𝑆𝑝 =
1
𝐷𝑁

× 1
(1 − 𝑃) + 𝑃

𝑁

(1.8)

𝐷𝑁 in Equation 1.8 represents the problem size with 𝑁 workers. Thus, when 𝐷𝑁 =

𝑁 we are doing weak scalability tests, whereas when 𝐷𝑁 = 1, Equation 1.8 turns to
Equation 1.7 and we are doing strong scalability tests.
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1.7 The communication impact

The discussion of Section 1.6 holds for embarassingly parallel codes, where in the
codes’ parallel fraction each parallel worker is in charge to perform its own computa-
tion independently on what are doing all the other workers. However, this is not the
actual case in scientific computing, in which each parallel worker needs information
exchanges with the other workers. This is particularly true in radio astronomy imag-
ing, where initial input data are distributed amongworkers in a time-ordered domain,
and turning to a space-ordered domain requires each worker to exchange data with
all the others, or in numerical cosmology codes, where workers need to exchange in-
formation about particles in boundaries of each domain.
Communication reduces the theoretical performance expected in Equation 1.7 and
Equation 1.8 and its impact depends on the fraction between the communication time
and the total time:

𝑓 =
𝑇𝑐𝑜𝑚𝑚
𝑇𝑡𝑜𝑡

(1.9)

When 𝑇𝑐𝑜𝑚𝑚 << 𝑇𝑡𝑜𝑡 the code is computation-bound, while starting from 𝑇𝑐𝑜𝑚𝑚 ∼ 𝑇𝑡𝑜𝑡
the code is communication-bound, leading to a significant speed-up degradation.
When many computing resources are used, i.e. 𝑁 → ∞, 𝑇𝑐𝑜𝑚𝑚 → 𝑇𝑡𝑜𝑡 and 𝑓 → 1,
meaning that the code is entirely dominated by the communication and increasing the
number of workers does not lead to any speed-up.
Ideally, in this case the runtime remains constant by increasing 𝑁 , but in reality there
are several communication overheads, like communication latency, non-ideal network
topology, allocation of buffers and so on, which lead to performance degradation in-
stead of speed-up. When a code turns out to be strongly communication bound, the
best solution is the one with the lowest 𝑁 fitting the memory requirements.
Mantaining a good communication-to-computation ratio is pivotal for the code scal-
ability. When computing resources get larger but runtime remains constant (or be-
comes even worse), the time-to-solution is the same but the energy-to-solution in-
creases, diminishing the code’s efficiency.
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1.8 What is radio imaging?

Radio interferometers measure information about the sky in Fourier space, also called
visibility space. The relation between the visibility spacemeasurement and the bright-
ness distribution of astrophysical radio sources is described by the van Cittert–Zernike
theorem (Born et al., 2013), which states that the two-point correlation function of
the electric field measured by two antennas of a radio interferometer is the Fourier-
transformed intensity distribution of the sources (Brunet et al., 2024):

𝑉(𝑢, 𝑣) =
∫ ∫

𝐼(𝑙, 𝑚)√
1 − 𝑙2 − 𝑚2

× 𝑒−2𝜋𝑖(𝑢𝑙+𝑣𝑚)𝑑𝑙𝑑𝑚 (1.10)

Where 𝐼(𝑙, 𝑚) is the image of the radio sky, 𝑉(𝑢, 𝑣) is the sampled visibility space,
𝑙, 𝑚 are the coordinates in the sky plane and 𝑢, 𝑣 are the coordinates in the interfer-
ometric plane. So far, the sky is considered as a plane, but actually it’s a sphere. In
Chapter 2 the full 3D problem will be explored.

By applying the inverse Fourier transformation to the data, one can reconstruct the
image of the radio sky. First, the visibility measurements (which are complex data)
are resampled onto a regular grid, using a gridding algorithm (Cornwell et al., 1981;
Cornwell et al., 1992), for instance IDG (Van der Tol et al., 2018a).

Then, a 2D Fourier transform, i.e. a Discrete Fourier Transform (DFT), can be used
to reconstruct the matrix 𝐼(𝑙, 𝑚):

𝐼𝑙𝑚 =
𝑁𝑢𝑚−1∑
𝑗=0

𝑁𝑢𝑚−1∑
𝑘=0

𝑏 𝑗𝑘𝑉𝑗𝑘𝑒−
2𝜋𝑖
𝑁𝑢𝑚 (𝑗𝑙+𝑘𝑚) (1.11)

Figure 1.20: Raw data in the visibility space need to be Fourier transformed to reconstruct a sky image
in the real space.

In Equation 1.11 𝑏 𝑗𝑘 is the visibility sampling factor defined by the instrument ge-
ometry. Actually, 𝐼 is in this case a “dirty image”, and the true image is obtained as
𝐼𝐶𝐿𝐸𝐴𝑁 = 𝐵× 𝐼, where 𝐵 is the point spread function, or the “dirty beam” of the instru-
ment, and is defined as the Fourier transform of 𝑏. The true sky image 𝐼𝐶𝐿𝐸𝐴𝑁 must
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then be constructed by recursively deconvolving the dirty beam from the dirty image
𝐼 with a process like such as the CLEAN algorithm (Högbom, 1974).

An example is shown in Figure 1.20, where raw visibility data, in the left panel,
displaying “trails”, need to be transformed from Fourier to real space in order to re-
construct the sky image. In the figure, the right panel image has already been decon-
volved.

Figure 1.21: Optical analogue of trails in visibility space. This is due to Earth rotation during each
observation. Source: Shutterstock.

In order to make “trails” more easy to understand, Figure 1.21 is an optical ana-
logue of the left panel of Figure 1.20. During observations, which last several hours,
the Earth rotation forces the survey to follow the trail of each sky source.

By applying the Discrete Fourier Transform to pointlike visibilities, i.e. with Equa-
tion 1.11, we get the sky brightness. However, the algorithm is extremely slow, by
having 𝑁𝑢𝑚2 dependency, so the best choice is to utilize Fast Fourier Transform (FFT)
to the original data in order to transform them to the real space (Heideman et al.,
1984). This algorithm has a “smoother” 𝑁𝑢𝑚 log𝑁𝑢𝑚 dependency, by exploiting
symmetries in mathematical analysis. FFT can be applied only on regular meshes,
two-dimensional for 2D FFT and three-dimensional for 3D FFT. This forces people to
implement the gridding algorithm (Sault et al., 2007; Ye et al., 2020), which convolves
pointlike visibilities with a kernel function and assigns them to grid points. Once vis-
ibilities are gridded, FFT can be applied and the final result is obtained.

This two steps of the radio imaging pipeline require a huge CPU time when run-
ning in a single CPU core, i.e. in serial. The solution to speedup the pipeline is to
rely on High Performance Computing (HPC), by exploiting the code parallelization.
Parallelization means that many parallel workers, which in this case are all the CPU
cores available, each one being assigned a smaller computational domain while, in the
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meantime, all the other workers perform computations in all the other domains. In
the next sections of this chapter and in Chapter 3, the history of parallel computing
will be explored and instructions on how to parallelize simple codes will be given, in
order to have all the instruments to understand then how our new radio imaging code
works.

1.9 HPC and radio astronomy

The new radio-interferometers, like the LOw Frequency ARray (LOFAR, van Haar-
lem et al., 2013), MeerKAT (Jonas et al., 2016), theMurchisonWidefield Array (MWA,
Mitchell et al., 2010), theAustralian SquareKilometreArray Pathfinder (ASKAP, John-
ston et al., 2007), will be precursors of what will be delivered by the Square Kilometre
Array (SKA24),whichwill have two stations, one inAustralia, SKA-Low,with observa-
tions in the frequency range 50−350𝑀𝐻𝑧, and another one in South Africa, SKA-Mid,
with observations in the frequency range 350𝑀𝐻𝑧 − 15.4𝐺𝐻𝑧.

In particular, SKA-Low, whose precise location is the Murchinson desert, in West-
ern Australia (WA), is composed of 131072 antennas with Christmas tree shape, cov-
ering a total area of 0.42𝑘𝑚2. Figure 1.22 is a picture of the SKA-Low antennas with
their singular Christmas-tree shape.

Figure 1.22: 20-second exposure showing Milky Way above the SKA-Low antennas.
Credit: Michael Goh/ICRAR/Curtin. Source: https://spaceaustralia.com/news/
ska-low-prototype-used-radio-transient-detections.

24https://www.skatelescope.org/

https://spaceaustralia.com/news/ska-low-prototype-used-radio-transient-detections
https://spaceaustralia.com/news/ska-low-prototype-used-radio-transient-detections
https://www.skatelescope.org/
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The antennas are distributed in 512 stations, and when all the stations will start to
survey the sky, around ∼ 1𝑇𝐵/𝑠 of data will be delivered, turning to ∼ 300𝑃𝐵/𝑦𝑒𝑎𝑟.
These exceptional amount of data need to be analysed and processed. Data must be
deleted from storage, because currently available machines don’t have such a huge
number of storage capacity, and there’s the possibility that much data will be lost if
not processed in time.

For these reasons, what is currently called edge-computing will be necessary:

• It will be useful to have the actual HPC machine the closest possible to the inter-
ferometers, to avoid as much as possible large data transfers.

• Almost real-time computing will be unavoidable, because data will be continu-
ously delivered and machines need to process them as fast as possible.

Raw data need to be calibrated and then turned to a measurement set, where each
visibility will be assigned a coordinate in the 𝑢, 𝑣, 𝑤 space, i.e. the Fourier space in
the reference frame of radio interferometers, a weight and real/imaginary parts, since
they’re complex visibilities. Amore detailed description of visibility datawill be found
in Chapter 2.

However, this is only the initial part of the radio astronomy pipeline. What we will
be focused on in this thesis will be the imaging pipeline, in which datasets are already
calibrated and converted to measurement sets in order to be processed to obtain re-
constructed images of the sky. There are already codes performing this pipeline, like
CASA25 (Jaeger, 2008; Emonts et al., 2019; Team et al., 2022) and WSClean26 (A. R.
Offringa et al., 2014; A. R. Offringa et al., 2017; Van der Tol et al., 2018b).

Both codes reproduce perfectly well the sky images, but they’re performance on
HPC machines is currently poor because they have not been fully parallelized. There
are code portionswhich have been parallelizedwithMPI/OpenMP or ported to GPUs,
but there are still relevant sequential parts which do impact in the overall code perfor-
mance, as will be discussed in Section 1.6. Usually most of the runtime is spent in I/O
(input/output) operations, i.e. when themeasurement set is read from the file-system
and in the writing of the final result, which starts to impact significantly when the im-
age resolution gets high. This is not MPI parallelized, meaning that the total memory
available in this situation is the node’s memory. Memory limitations turn out to be
relevant when very large input data need to be processed, forcing people to split data
into smaller datasets, i.e. perform frequency/time splittings, in order to analyse and
process smaller images at each step. This soon leads to I/O dominated algorithms.
One possibility to avoid this bottleneck is the utilization of new fast algorithms for I/O
operations, like ADIOS227 (William F. Godoy et al., 2020; Poeschel et al., 2021; Laufer
et al., 2022) and CAPIO28 (Martinelli et al., 2023), which allow the usage of stream-
ing workflow, where I/O is executed in background when the computational part is
25https://casa.nrao.edu/
26https://wsclean.readthedocs.io/en/latest/
27https://adios2.readthedocs.io/en/v2.10.1/
28https://github.com/High-Performance-IO/capio

https://casa.nrao.edu/
https://wsclean.readthedocs.io/en/latest/
https://adios2.readthedocs.io/en/v2.10.1/
https://github.com/High-Performance-IO/capio
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still running. Another approach is to compress data at the beginning of the pipeline
thanks to algorithms likeMGARD29 (Gong et al., 2023; Williamson et al., 2024), which
permits both lossless and lossy compression.

The code presented in this thesis is able to address many of the preceding requests
mentioned in this section, since it has been fully parallelized with MPI+OpenMP, and
even fully ported to GPUs with CUDA/HIP. Libraries for very specific purposes like
communications and Fourier Transforms have been implemented in the GPU version,
resulting in a code which loads the memory on the accelerator at the beginning, and
only at the end, after all the computing steps thememory is transferred back to the host
to write the final image. This result is of utmost importance, since the worst caveat in
GPU computing is by far managing the memory transfers back and forth between the
host and the device. This solution allows to harness the full GPU computing power,
i.e. their exceptional ability in crunching floating point numbers, with less care about
memory overhead. However, the code has been thought to run at the most powerful
accelerated supercomputers, because to achieve the best performance it needs high
speed GPU-GPU interconnects inside each computing node and the best networks
available for node-node connections.

With these available technologies, wemanaged to achieve a speedup factor of∼ 150
in the largest configurations available between the best CPU and GPU configurations,
both run at the Leonardo supercomputer. In a nutshell, the fastest CPU configuration
takes 2 hours and 50 minutes, compared to the 67 seconds taken by the fastest GPU
configuration. Original data have been provided by LOFAR VLBI, precursor of what
will be delivered from SKA, as anticipated above.

For the energy-to-solution, intermediate tests have been performed with smaller
LOFAR HBA datasets, run at the Setonix-CPU and Setonix-GPU partitions. The re-
sults show that using GPUs one gets an energy gain factor of ∼ 12, confirming that
GPUs have a better 𝐹𝑙𝑜𝑝𝑠/𝑊 than CPUs, and also that GPU communication libraries
turn out to be much faster than standard MPI ones. GPU computing is quickly going
towards being the best compromise in both computing intensive and memory-bound
algorithms.

29https://github.com/CODARcode/MGARD

https://github.com/CODARcode/MGARD
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1.10 Summary

Most powerful High Performance Computing platforms are increasingly energy de-
manding, eventually becoming unsustainable if green computing does not come into
play. Green computing encompasses hardware solutions with the newest CPU/G-
PU/FPGA technologies, and green algorithms as well from the software point of view.
The “Holy Graal” is to write codes which adapt perfectly to the specific architectures
and achieve the best performance available. However, a code performing at best on a
particular platform may turn out to have a different behaviour on a different one, this
is because of the hardware’s difference. Code’s portability is much easier to reach than
performance portability. We discussed about CUDA/HIP/OpenMP solutions for GPU
computing and argued that they’re portable, but how much the performance changes
from a machine to another has to be investigated further.

At the same time, current radio-interferometers require always larger memory and
computing time, eventually reaching an entire exascale machine to process input data
for SKA. Thiswill result in several𝑀𝑊 consumed, which is a huge energy requirement
in this age of environmental problems and climate changes. Approaches to renewable
energy sources have been adopted, like in (Geveler et al., 2017) and at the Pawsey Su-
percomputing Centre in Perth, where solar panels are used to feed at least partially the
energy requirement of the machines. Furthermore, machines are cooled with a liquid-
cooling system exploiting thewater in the aquifer under Perth, but people suggest that
will become an outstanding challenge to feed and cool down entire exascale platforms
with renewable energy. From the software viewpoint, the development of green algo-
rithms is unavoidable, keeping an eye to the possibility to use smaller portions of the
machines without impacting much on the performance. This can be reachable when
the codes are memory dominated instead of computationally dominated, as we will
see in the next chapters. Considering that CPU frequency has saturated with the end
of the Dennard scaling introduced in Section 1.4, parallel computing becomes the only
chance if we want to do High Performance Computing.

This thesis will be structured as follows:

Chapter 2 Dedicated to the communication problem, and how full parallelism cannot
be exploited when parallel workers need to communicate, in both reduce oper-
ation and parallel Fourier transform, and how I included the GPU-GPU com-
munication in both operations. The next part of the chapter is dedicated to the
radio imaging code introduction andwhat has beenmy contribution in its devel-
opment. In particular, imaging challenges in radio imaging will be stressed with
the description of the fully parallelized and/or GPU offloaded pipeline with the
theory of w-stacking gridder.

Chapter 3 Dedicated to the hybrid reduce implementation which I’ve contributed to
develop by combining MPI and OpenMP parallelization paradigms, and to the
energymeasures thatwe did on two differentmachines. The chapterwill encom-
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pass a detailed description on how to access CPU energy counters with low-level
drivers and high-level libraries. A particular attention has been put in the chap-
ter to the algorithmic imprint in energy-to-solution, to show that energy is not
only an integral over time.

Chapter 4 I will present results for our code for single-node configurations taking an
eye on the I/O problem introduced in Section 1.9, run at the Leonardo machine
available at CINECA30.

Chapter 5 I will present results for our code for both single-node andmulti-node con-
figurations run at the Leonardomachine and I will focus the attention on the full
GPU implementation and on the communication bottleneck.

Chapter 6 I will present results for our code for the energy-to-solution and time-to-
solution trade-off run at the Setonix machine available at the Pawsey Supercom-
puting Centre31.

Chapter 7 Conclusions will be drawn and discussed.

30https://www.cineca.it/it
31https://pawsey.org.au/

https://www.cineca.it/it
https://pawsey.org.au/
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2
THE REDUCE PROBLEM AND THE RICK CODE

2.1 Introduction

The focus of this chapter is to introduce the key algorithm that has been optimized in
this thesis work and its relevance in the radio imaging code that I developed with my
collaborators. We already stressed many times in Chapter 1 that communication is a
big overhead in true scientific codes, especially when the number of computing nodes
used is large. To bemore quantitative, (Gheller et al., 2023) found out that communica-
tion impact is estimated to be around 80 − 90% of the total runtime. The MPI Reduce
topic will be introduced, which is the MPI function that is needed by the imaging
code to combine together the visibility data pertaining to each parallel worker, when
the MPI option is active. MPI Reduce has been implemented with several algorithms,
each one with a specific purpose, from which we can extract logarithmic tree, which
has low latency contribution but it suits better for power-of-two number of parallel
workers, and the ring, which is multi-purpose and its performance is not influenced
by the number of workers, but has in the meantime a higher latency contribution. The
implementation given by the MPI standard will be described in Section 2.2, while the
more “exotic” topic of GPU reduce will be the subject of Section 2.3, which has been
implemented on the imaging code as well. Another communication paradigm, which
is not directly related to the reduce function but is however fundamental in our code, is
NVSHMEM1 and is necessary for the Fast Fourier Transform implementation available
in the code, discussed in Section 2.4. After the discussion of the relevant algorithms
and their relative implementations, the code itself will be introduced in Section 2.5 and
the details will be the topic of Section 2.6.

1 https://developer.nvidia.com/nvshmem
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2.2 MPI Reduce

The main paradigm for distributed parallel computing is MPI, again, Message Passing
Interface. In MPI several processes, i.e. MPI tasks or ranks, are spawned. The most
fundamental feature is that eachMPI task is assigned a uniquememory portion, and it
cannot access to the memory owned to the other tasks. In shared-memory all the par-
allel workers are able to access each other’s memory, and this means that total memory
is simply given by the available memory of the machine. With distributed-memory
you can connect several machines together and the total memory available increases
with the computing resources.
As discussed in Section 1.7, in scientific codes parallel workers usually need to ex-
change each others’ data, meaning that MPI tasks need to communicate in some way.
This is achieved by sending and receivingmessages, i.e. each process allocates a buffer
in which it copies the relevant quantities and sends it to another one, which in turn al-
locates its own buffer to receive the message. It is important to state that each message
is tagged, and for a successful communication both send and receive calls must have
the same tag. These MPI functions can have two communication protocols, because
they can be either blocking or non-blocking. In the former case the code execution
stops at the specific MPI function until the entire message is sent or received, while
in the latter the code execution keeps going, until the programmer puts in a synchro-
nization function that waits until the communication is over.
However, the actual power of MPI is given by the collectives, which are operations in-
volving all theMPI tasks in a specific communicator. Creating a communicator means
grouping a subset of processes for purpose of code’s requirements or hardware’s topol-
ogy. The default communicator inMPI groups all theMPI ranks spawned. MPI collec-
tives includeMPI Gather, where all the tasks have a portion of a vector dataset and the
programmer wants a target task to gather the entire vector, MPI Scatter, which is the
opposite operation, where one MPI task scatters its vector sending a portion to all the
other tasks, MPI Broadcast, allowing one MPI task to send a meaningful dataset to all
the others, andMPIReduce, the onewe focused on, inwhich eachMPI task has a partial
dataset that needs to be combined to a target rank, the operation for the final combina-
tion being a summation, multiplication, finding the maximum or the minimum value
among all the ranks, and so on. MPI Gather and MPI Reduce have their counterparts
in which no target task is selected, and the operations become all-to-all, named MPI
Allgather and MPI Allreduce, respectively. For the sake of completeness, each of these
functions has its non-blocking counterpart, needing synchronization barriers exactly
as in the send/receive operations.
We payed particular attention to the MPI Reduce where partial data are summed to
the final data, because it’s the function needed by the code we will present. When
large arrays needs to be reduced and many MPI tasks are involved in the reduction,
this function introduces a strong overhead and leads to communication-bound codes.
How the MPI Reduce is implemented depends on the particular MPI implementation,
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but usually some specific algorithmic choices are made, like tree or ring algorithms,
as described in (Shan et al., 2018). The theoretical runtime of the tree algorithm (the
default algorithm available in OpenMPI implementation) is estimated as:

𝑇𝑅𝑒𝑑𝑢𝑐𝑒 = (𝑇𝑐𝑜𝑚𝑚 + 𝑇𝑐𝑜𝑚𝑝) × 𝑁
=
(
𝛽
𝐷
𝑁

+ 𝜆 log𝑁
)
× 𝑁 +

(𝐷
𝑁
𝑡𝑠𝑢𝑚

)
× 𝑁

= (𝛽 + 𝑡𝑠𝑢𝑚)𝐷 + 𝜆𝑁 log𝑁

(2.1)

In Equation 2.1, 𝑇𝑐𝑜𝑚𝑝 is the computation time given by:

𝑇𝑐𝑜𝑚𝑝 =
𝐷
𝑁
𝑡𝑠𝑢𝑚 (2.2)

Where 𝑡𝑠𝑢𝑚 is the time for a single summation, 𝐷 is the datasize and 𝜆 is the communi-
cation latency time. For the new architectures, 𝜆 < 0.6𝜇𝑠, and its 𝑁 log𝑁 dependency
means that we would need ∼ 105 MPI tasks to get a latency of 1𝑠. 𝛽 is a parameter that
includes the bandwidth and the network topology, which are different in each HPC
architecture.

Figure 2.1: Illustration of how a reduce with a logarithmic tree algorithm is implemented by MPI.
Source: https://www.researchgate.net/figure/MPI-Reduce-binomial-tree-i-i-16_
fig1_374772011

Figure 2.1 is an illustration scheme of how a tree algorithm reduce is implemented
by MPI. For construction, partial communication is performed step-by-step pairwise,
eventually collecting the result to the target task. This implies that the algorithm is per-
fectly adapt when 𝑁 is a power of two, but needs to be adjusted to fit communications

https://www.researchgate.net/figure/MPI-Reduce-binomial-tree-i-i-16_fig1_374772011
https://www.researchgate.net/figure/MPI-Reduce-binomial-tree-i-i-16_fig1_374772011
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between other task configurations.
For a ring algorithm, which is the one in which we put the most effort, the theoret-

ical runtime is:
𝑇𝑅𝑒𝑑𝑢𝑐𝑒 = (𝛽 + 𝑡𝑠𝑢𝑚)𝐷 + 𝜆𝑁2 (2.3)

The difference with Equation 2.1, is that here the 𝜆 term increases with 𝑁2, meaning
that in a ring implementation one in principle can get a latency of 1𝑠 with 103 MPI
tasks. The ring algorithm has a higher latency impact but it does not introduce over-
heads in both performance and programmer effort when 𝑁 is not a power of two,
which does happen for the tree algorithm.

Figure 2.2: Illustration of the four steps of the ring algorithm for 𝑁 = 4. The numbers in each block
represent theMPI tasks whose data have already been reduced. The shaded blocks are the communication
data. Each process holds one block of the final result. A memory movement is needed to transfer data to
the target rank.

Figure 2.2 displays a scheme about how a ring reduce is implemented by MPI. The
example shows the case 𝑁 = 4, but in no extent this means that it’s the best configura-
tion. Indeed, the picture can be generalized to whatever 𝑁 , and the algorithm doesn’t
lose any performance power even when 𝑁 is an odd number.
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2.3 GPU reduce

In Section 1.3 and Section 1.5 we stated that GPUs had been originally thought for
heavy arithmetic intensive operations, being constituted by thousands of small cores
with few logic gates allowing just summation, multiplication and transcendental func-
tions. The main bottleneck in GPU computing is however the memory transfer with
the host, which in every case is unavoidable and in most cases memory copies back
and forth are needed for hybrid codes, which run on both CPU and GPU. The up-
dated libraries which have been implemented by vendors permit software developers
to perform memory-bound and communications operations in a very efficient way,
such that passing at each step from the CPU is not mandatory anymore.

The MPI standard does have its implementation for GPU-GPU communication2

(H. Wang et al., 2013; Faraji et al., 2014; Faraji et al., 2018; Hanford et al., 2020; Shafie
Khorassani et al., 2021; C.-C. Chen et al., 2023).

Figure 2.3: Portion of an code offloaded with OpenMP with MPI GPU-aware utilization. In par-
ticular, the values pointer is recognized as a GPU pointer, and is sent to another GPU without
passing throgh the host. Source: https://www.intel.com/content/www/us/en/docs/oneapi/
optimization-guide-gpu/2023-2/intel-mpi-for-gpu-clusters.html.

Figure 2.3 is an example of howMPI GPU-aware is utilized in a simple OpenMP of-
floaded code. There’s no reduce here but an MPI Send, in which use device ptr declares
that the corresponding pointer is a GPU pointer, and MPI operates directly between
twoGPUs. The implementation exploits the hardware interconnection, i.e. NVLink or
NVSwitch for NVIDIA3, InfinityFabric for AMD4, Intel Xe5, when two or more devices
are on the same node. When multiple devices are on different nodes, MPI is forced to
go through the network. However, a caveat of this MPI GPU communication scheme
is the lack of GPU direct operations in many collectives, i.e. MPI works perfectly fine
2 https://developer.nvidia.com/blog/introduction-cuda-aware-mpi/
3 https://www.nvidia.com/en-us/data-center/nvlink/
4 https://www.amd.com/content/dam/amd/en/documents/instinct-tech-docs/other/56978.pdf
5 https://www.intel.com/content/www/us/en/docs/oneapi/optimization-guide-gpu/2023-0/

intel-iris-xe-gpu-architecture.html

https://www.intel.com/content/www/us/en/docs/oneapi/optimization-guide-gpu/2023-2/intel-mpi-for-gpu-clusters.html
https://www.intel.com/content/www/us/en/docs/oneapi/optimization-guide-gpu/2023-2/intel-mpi-for-gpu-clusters.html
https://developer.nvidia.com/blog/introduction-cuda-aware-mpi/
https://www.nvidia.com/en-us/data-center/nvlink/
https://www.amd.com/content/dam/amd/en/documents/instinct-tech-docs/other/56978.pdf
https://www.intel.com/content/www/us/en/docs/oneapi/optimization-guide-gpu/2023-0/intel-iris-xe-gpu-architecture.html
https://www.intel.com/content/www/us/en/docs/oneapi/optimization-guide-gpu/2023-0/intel-iris-xe-gpu-architecture.html
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for point-to-point operations, like send/receive, but is still forced to pass through the
host for most collective operations, leading to a CPU transfer overhead which makes
MPI GPU-aware not useful for most purposes. In fact, some MPI implementations do
have this awareness for MPI Allreduce, but not for MPI Reduce yet.

To handle this limitation, vendors have developed libraries capable to performboth
point-to-point and collective operations to connect directly two or more GPUs with-
out the needing to pass from the host, thus avoiding memory copy overhead. These
libraries are theNVIDIACollective Communications Library (NCCL)6 and the ROCm
Collective Communications Library (RCCL)7 for AMD.Again, they utilize high-speed
interconnect inside the node and go through the network between nodes. Collectives
have been implementedwith several algorithms, for instance both binary tree and ring
in Figure 2.1 and Figure 2.2 are available, with the latter being the default one when
no environmental variable is set.

Figure 2.4 is a code portion which explains a simple NCCL utilization. In particu-
lar, the operation to be performed is the Allreduce, but the scheme is exactly the same
for the Reduce. At the beginning, NCCL is attached the MPI communicator, which is
necessary when one process per GPU is assigned. The syntax is the same as the MPI
one. In this case, both the send and receiving buffers are already distributed amnong
the GPUs, ready to be summed up together for the reduce and then broadcast to con-
clude the operation. RCCL implementation is obtained by trivially replacing CUDA
calls with HIP calls. NCCL collects together GPUs in the same node to perform an
initial partial reduce (the algorithm can be changed but is set to be a ring by default),
and then these partial sums are sent to the master process which is in charge to com-
municate and sum its data with the ones coming from all the others (A. Li et al., 2019;
Nvidia, n.d.; NVIDIA, 2017; He et al., 2024).

I have implementedNCCL and RCCL reduce in the radio imaging code introduced
in Section 2.5 with the purpose to accelerate the communication and to have a full
GPU version, since leaving the communication on the CPU would unavoidably lead
to memory transfers back and forth between host and device. The accelerated reduce
permits to hold the entire dataset (in this case the grid) during the whole gridding
operation.

6 https://developer.nvidia.com/nccl
7 https://rocm.docs.amd.com/projects/rccl/en/latest/

https://developer.nvidia.com/nccl
https://rocm.docs.amd.com/projects/rccl/en/latest/
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Figure 2.4: Portion of an code offloaded with CUDAwithNCCL utilization for the Allreduce operation.
In this case NCCL is attached to the standard MPI communicator and one process per GPU is assigned.
Source: https://docs.nvidia.com/deeplearning/nccl/user-guide/docs/examples.html.

https://docs.nvidia.com/deeplearning/nccl/user-guide/docs/examples.html
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2.4 NVSHMEM and cuFFTMP

Aside NCCL, which explicitly usesMPI point-to-point and collective operations, there
is another communication paradigm forGPUdirect, calledNVSHMEM(NVIDIAOpen-
SHMEM), which is thought to allow one-sided communications, i.e. information ex-
change not involving a send and a receive directly (Potluri et al., 2015; Hsu et al., 2020;
Hsu et al., 2021). There is one process which communicates with another one by cre-
ating a “shared-memory channel”, in which the latter can “access” the memory of the
former without any buffer and any message exchange. This communication scheme
enables what is called RDMA (Remote Direct Memory Access) (Liu et al., 2003). In
DirectMemoryAccess, a shared window is created to get a channel between two ormore
processes, by using a shared-memory approach even among MPI tasks. A direct ex-
ploitation of these windows will be discussed in Chapter 3 when I will introduce our
customized MPI Reduce implementation. Utilizing MPI calls, this operation is possi-
ble since sender process “puts” the relevant data in the window (which needs to be
created and allocated on its own)with anMPI Put, while the receiver one “gets” it with
anMPI Get. An example of standardMPI with asynchronous send/receive operations
and NVSHMEM is shown in Figure 2.5.

Figure 2.5: Existing communication models, such as Message-Passing Interface (MPI), orches-
trate data transfers using the CPU. In contrast, NVSHMEM uses asynchronous, GPU-initiated data
transfers, eliminating synchronization overheads between the CPU and the GPU. Source: https:
//developer.nvidia.com/nvshmem.

https://developer.nvidia.com/nvshmem
https://developer.nvidia.com/nvshmem
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Figure 2.6: Example of a ring communication scheme in an NVSHMEM code, for simplicity MPI
is not explicitly used in this example. Source: https://docs.nvidia.com/nvshmem/archives/
nvshmem-101/developer-guide/index.html.

Figure 2.6 shows a ring communication scheme with NVSHMEM in which each
GPU communicates directly with its nearest neighbour in the same “team”. This code
does not use MPI, thus is a simplified scheme, with MPI NVSHMEM is attached to the
MPI communicator and each process is attached to aGPU.However, theMPI extension
works with the same idea shown in the example. I have not directly used NVSHMEM
in the radio imaging code, but it’s fundamental for one particular library that the code
needs, which is the cuFFTMP (CUDAFast Fourier Transform forMulti-Process)8 (Das,
n.d.; Cambier et al., 2022; Ayala et al., 2022; Verma et al., 2023).

Figure 2.7 schematically shows how to write a 3D distributed Fast Fourier Trans-
form on GPUs, by attaching the MPI communicator to the cuFFTMP, which utilizes
NVSHMEM under the hood, and then the allocation of descriptors, i.e. C++ con-
structs storing all the information about the array to be transformed. It is important
to add that after the descriptor execution, which contains the actual calculation, a de-
vice to device communication is usually needed to put the data in the original order,
otherwise the output will display shuffled results.
8 https://docs.nvidia.com/hpc-sdk/cufftmp/index.html

https://docs.nvidia.com/nvshmem/archives/nvshmem-101/developer-guide/index.html
https://docs.nvidia.com/nvshmem/archives/nvshmem-101/developer-guide/index.html
https://docs.nvidia.com/hpc-sdk/cufftmp/index.html
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In the end, the radio imaging code utilizes NCCL for the reduce and NVSHMEM
for the FFT. To avoid conflicts in communication paradigms, the environmental vari-
able 𝑁𝑉𝑆𝐻𝑀𝐸𝑀 𝐷𝐼𝑆𝐴𝐵𝐿𝐸 𝑁𝐶𝐶𝐿 = 1 must be set, since when both libraries are
linked in the same code, NVSHMEM is by default forced to use an MPI-like approach
as NCCL, which leads to bugs and performance degradation.
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Figure 2.7: Scheme of a complex-to-complex distributed 3D Fast Fourier Transform on GPUs. Descrip-
tors are C++ constructs needed to store all the information about the array to be transformed. Source:
https://docs.nvidia.com/hpc-sdk/cufftmp/getting_started/index.html.

https://docs.nvidia.com/hpc-sdk/cufftmp/getting_started/index.html
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2.5 Introduction of the RICK code

Figure 2.8: Code mascot’s from the popular Rick and Morty animated series. Credit: Emanuele De
Rubeis.

Radio astronomy is currentlywitnessing a rapid increase in the volume of data that
are being collected by radio-interferometers like the LOw Frequency ARray (LOFAR,
van Haarlem et al., 2013), MeerKAT (Jonas et al., 2016), the Murchison Widefield Ar-
ray (MWA, Mitchell et al., 2010), the Australian Square Kilometre Array Pathfinder
(ASKAP, Johnston et al., 2007). These instruments can produce petabytes of data ev-
ery year, precursors of what will be delivered by the Square Kilometre Array (SKA9),
expected to generate hundreds of petabytes of data each year. In (Gheller et al., 2023)
we (with the collaborators in my team) have introduced a novel approach for imple-
menting the 𝑤-stacking algorithm (A. R. Offringa et al., 2014) for imaging on state-of-

9 https://www.skatelescope.org/

https://www.skatelescope.org/
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the-art High Performance Computing (HPC) systems, effectively exploiting hetero-
geneous architectures, consisting of thousands of multi-core CPUs equipped with ac-
celerators like GPUs to enhance computational performance while minimising power
consumption.

Imaging is a computationally intensive step in the data processing pipeline (T.
Cornwell, n.d.), requiring a significant amount of memory and computing time. This
is due to operations such as gridding, which involves resampling the observed data
on a computational mesh, and fast Fourier transform (FFT), which converts between
Fourier and real space. The computational demands increase when dealing with ob-
servations that have large fields of view, especially in current radio interferometers
and at low frequencies. This is because curvature effects cannot be ignored, making
the problem fully three-dimensional. In such cases, the “𝑤-term” correction needs to
be introduced (see Section 2.6, T. J. Cornwell et al., 2008; A. R. Offringa et al., 2014).

The gridding, FFT, and𝑤-correction steps are integrated into the so-called𝑤-stacking
gridder algorithm. These steps are suitable to distributedmemory parallelism, exploit-
ing parallel FFT solutions and relying on a Cartesian 3D computational mesh, that can
be effectively distributed and efficiently managed across different processing units,
resulting in good scalability on large HPC architectures. In modern HPC systems, be-
sides distributed processing, performance can be achieved throughmulti-core and ac-
celerated (many-core) computing based on GPUs. Current trends suggest that some
form of heterogeneous computing will be prevalent in emerging architectures (e.g.,
Keckler et al., 2011). Therefore, the ability to fully exploit new heterogeneous and
many-core solutions is of paramount importance towards achieving optimal perfor-
mance. In (Gheller et al., 2023) we have described the enabling of the gridding and
𝑤-correction algorithms to multi/many-core parallelism. We have demonstrated how
utilising GPUs can significantly decrease the time to solution thanks to their outstand-
ing performance. In addition, we have pointed out howmulti/many-threads solutions
allow using a smaller number of Message Passing Interface (MPI) tasks compared to a
pure MPI set-up, mitigating communication-related problems. However, to fully har-
ness power of GPU acceleration, it is critical to enable the full code for GPUs, including
MPI communication. This is essential to:

• speed-up all algorithmic components, in particular the FFT step. The perfor-
mance of the code is hindered by non-accelerated parts, which become bottle-
necks;

• avoid unnecessary data movements between the host and the device, required,
in the code presented in (Gheller et al., 2023), to implement data communica-
tion among CPUs and for the FFT transform. Efficient code performance relies
heavily on minimising data movements;

• exploit high performance interconnect available among GPUs on the same com-
puting node.

In this thesis, we discuss how we have tackled these challenges by exploiting com-
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pilers and libraries provided by different vendors, i.e. NVIDIA HPC Software Devel-
opment Kit (SDK10). These libraries enable us to perform accelerated FFT calculations
and to optimise inter-GPUMPI communication. This leads to a code that, once loaded
the input visibilities from the file system, can fully run on GPUs; the CPUs are used
once more only at the end of the calculation, solely for the purpose of saving the final
image to a file. In addition, we present a solution based on FFTW that allows the util-
isation of hybrid multi-core plus MPI calculation of the Fourier transform on CPUs.
This is crucial to reduce the communication between MPI tasks while also providing
an efficient and portable solution that is not dependent on the NVIDIA SDK.

The code, called Radio Imaging Code Kernel (RICK11) (a friendlymascot is shown
in Figure 2.8), is developed using the C programming language standard (with exten-
sions to C++ only to support GPUs through CUDA). Alongside CUDA, in (Gheller
et al., 2023) we have introduced the Open Multi-Processing (OpenMP) support for
offloading gridding and w-stacking operations to accelerators, providing a portable
solution even for GPU implementation. The code is compatible with various com-
puting platforms, although optimal performance requires the availability of suitable
hardware and software solutions.

Parallelism has been exploited supporting multi-core processors (via OpenMP)
and distributed HPC architectures (via MPI). Throughout the thesis, we refer to com-
puting or processing unit as the computing entity addressing some parts of the work. In
the case of parallel work based on MPI, a computing unit is a single core (mapping to
anMPI task). In the case of multi-threaded OpenMP implementation, it is a multi-core
CPU. In the case of accelerated computing, it is a GPU.

10https://docs.nvidia.com/hpc-sdk/index.html
11The code is publicly available here: https://github.com/ICSC-Spoke3/RICK

https://docs.nvidia.com/hpc-sdk/index.html
https://github.com/ICSC-Spoke3/RICK
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2.6 The 𝑤-stacking gridder

An interferometer measures complex visibilities𝑉 related to the sky brightness distri-
bution 𝐼 as:

𝑉(𝑢, 𝑣, 𝑤) =
∫ ∫

𝐼(𝑙 , 𝑚)√
1 − 𝑙2 − 𝑚2

×

𝑒
−2𝜋𝑖

(
𝑢𝑙+𝑣𝑚+𝑤(√1−𝑙2−𝑚2−1)

)
𝑑𝑙𝑑𝑚

(2.4)

Where 𝑙 , 𝑚 are the sky coordinates while 𝑢, 𝑣, 𝑤 are the coordinate of the baselines
in units of 𝜆, where 𝑤 is chosen to be in the direction of the source. For a particular
interferometer, the so-called 𝑢, 𝑣 plane coverage is the distribution of the baselines
in 𝜆 units as seen from the source at infinity: each projected baseline corresponds to
a point of coordinates 𝑢, 𝑣 in the Fourier space. For small fields of view, the term√

1 − 𝑙2 − 𝑚2 is close to one, and Equation 2.4 is an ordinary two-dimensional Fourier
transform, which, in order to speed-up the computation, is solved by using a FFT-
based approach. This, however, requires mapping visibilities, that are point like data,
to a regular mesh that discretizes the (𝑢,𝑣) space. This is accomplished by convolving
the visibility data with a finite-size kernel, which converts it to a continuous function,
which can then be FFT transformed.

When large Fields of View (FoV) are observed at once, visibility data from non-
coplanar interferometric radio telescopes cannot be accurately imaged with a two-
dimensional Fourier transform and the imaging algorithm needs to account for the
𝑤-term, which describes the deviation of the array from a plane. A possible approach
to account for the 𝑤-term is represented by the 𝑤-stacking method (A. R. Offringa et
al., 2014), in which the computational mesh has a third dimension in the 𝑤 direction
and visibilities are mapped to the closest 𝑤-plane. Once gridding is completed, each
𝑤-plane is Fourier transformed separately, and a correction is applied as:

𝐼(𝑙 , 𝑚) (𝑤max − 𝑤min)√
1 − 𝑙2 − 𝑚2

=

𝑤max∫
𝑤min

𝑒2𝜋𝑖𝑤(√1−𝑙2−𝑚2−1)×∬
𝑉(𝑢, 𝑣, 𝑤)𝑒2𝜋𝑖(𝑢𝑙+𝑣𝑚)𝑑𝑢𝑑𝑣𝑑𝑤

(2.5)

Overall, this algorithm is faster than𝑤-projection (T. J. Cornwell et al., 2008) thanks
to its algorithmic characterisation, especiallywhen the gridding is the dominating cost
of the algorithm (see Tab. 1 in A. R. Offringa et al., 2014) and results in slightly lower
imaging errors, making it commonly used for wide-field radio interferometers such
as LOFAR and, in the near future, SKA.

The𝑤-stacking algorithm has been implemented in (Gheller et al., 2023) inside the
𝑤-stacking gridder, which I briefly recall hereafter. Two main data structures charac-
terise the algorithm. The first is an unstructured dataset storing the (𝑢, 𝑣, 𝑤) coordi-
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Figure 2.9: Schematic code architecture and workflow of RICK, based on the one in (Gheller et al.,
2023) with the new steps that we ported on GPUs (reduce and FFT). Different kind of HPC enabling
are highlighted with different colours.

nates of the antennas array baselines at each measurement time. Each baseline has
a number of associated visibilities, depending on the frequency bandwidth, the fre-
quency resolution, the number of correlations and the total observing time. A further
quantity called weight is assigned by the correlator to each measurement: this number
allows the user to adjust the balance between angular resolution, sidelobes of the beam
and sensitivity (Briggs, 1995).

Visibility data are distributed among multiple memories in time slices of equal
length. The second relevant data structure is a Cartesian computational mesh of size
𝑁𝑢 × 𝑁𝑣 × 𝑁𝑤 , where 𝑁𝑢 , 𝑁𝑣 and 𝑁𝑤 are the number of cells in the three coordi-
nate directions. The convolved visibilities and their FFT transformed counterpart are
calculated on this mesh. The data defined on the Cartesian computational grid is par-
titioned amongmultiple tasks adopting a rectangular slab-like decomposition, assign-
ing to each task a rectangular region of 𝑁mesh = 𝑁𝑢 × 𝑁𝑤 × (𝑁𝑣/𝑁pu) cells, where 𝑁pu

is the number of physical memories (MPI tasks for CPUs or the number of GPUs)
adopted in the computation. The two data structures determine the algorithm’s mem-
ory request.

The code consists of fivemain algorithmic components (shown in Figure 2.9), each
supporting different types of HPC implementations. The first component reads the
data in parallel and distributes equal chunks to all the MPI tasks. If GPUs are used,
the data offload from the host to the devicememory completes this step. The following
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step performs the gridding of the visibilities. Gridding is done in successive rectan-
gular slabs along the 𝑣-axis. This procedure consists of three sub-steps. In the first
sub-step, an array is created for each slab, concatenating the data with 𝑢-𝑣 coordinates
inside the corresponding slab. The second sub-step is represented by the convolution
with the grinding kernel:

𝑉̃(𝑢𝑖 , 𝑣 𝑗 , 𝑤𝑘) =
∑

𝑚∈measures
𝑉𝑚𝐺((𝑢𝑚 , 𝑣𝑚 , 𝑤𝑚), (𝑢𝑖 , 𝑣 𝑗 , 𝑤𝑘)) (2.6)

Where 𝑚 is the 𝑚-th measurement, (𝑢𝑚 , 𝑣𝑚 , 𝑤𝑚) are its coordinates, (𝑢𝑖 , 𝑣 𝑗 , 𝑤𝑘) is
a computational grid point, 𝑉𝑚 is the measured visibility and 𝑉̃ is the visibility con-
volved on the mesh. For the tests presented in this thesis, the 𝐺 kernel is either a
Kaiser-Bessel function (Jackson et al., 1991) or aGaussian. Once boundary data among
different slabs are properly managed, this part of the computation is completely local
and can be executed on multiple cores or accelerators. This step is finalised by the
exchange of information among different computing units, necessary to accomplish
the calculation of gridded visibilities on each slab. This is a critical operation, whose
detailed description is given in (Gheller et al., 2023).

The third algorithmic component performs the FFT of the gridded data, producing
the real space image. Next, we apply the phase shift and reduce the 𝑤-planes to obtain
the final image (Step 4). The fifth and final step writes the final images exploiting
parallel I/O.

Gridding here involves also the communication, done thanks to the reduce oper-
ation. I’ve been involved in the implementation of an hybrid MPI+OpenMP reduce,
subject of the next chapter, and I successfully ported it in RICK. To complete the hy-
brid CPU code, I adapted the original FFT, which was parallelized with MPI only12, to
work also with OpenMP13, in order to have at the end a fully parallelized code which
works withMPI, OpenMP and a combination of both. I anticipate here that the hybrid
version is the best trade-off between the pure performance needed in the most arith-
metic intensive parts, i.e. kernel convolution in gridding and 𝑤-correction, and the
communication-bound ones, i.e. reduce operations and FFTs. Lowering the number
ofMPI tasks but compensatingwithOpenMP threads reduces the communication sur-
face without in principle losing any performance, since all the available CPU cores are
occupied and fully working. However, I anticipate that the arithmetic intensive part of
gridding (hereafter only gridding, to separate computation from the communication
I will simply say gridding and communication/reduce) and 𝑤-correction show a perfor-
mance difference depending on the use of the hybrid or pure MPI implementation,
whose intensity changes with the machine architecture.

I’ve contributed to the code’s GPU implementation in gridding, communication
and FFT. For the gridding, my work has been to optimize the initial memory trans-
fer between host and device, thanks to the inclusion of CUDA asynchronous memory
12https://fftw.org/doc/Distributed_002dmemory-FFTW-with-MPI.html
13https://fftw.org/doc/Combining-MPI-and-Threads.html

https://fftw.org/doc/Distributed_002dmemory-FFTW-with-MPI.html
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copies and streams, which allow us to split the GPU memory loads and kernels in dis-
tinct and overlapping workflows. I am now developing a combined approach with
OpenMP and streams in order to speedup the CPU-GPU communication by exploit-
ing CPU parallelism. Of course this is possible only when single streams don’t move
large data, since otherwise bandwidth will soon be fulled and communications will be
treated sequentially. Workflows can be either dependent or independent, and in the
former case stream synchronization ismandatory. As claimed in the previous sections,
I’ve implemented the NCCL reduce in the code by using two different streams: one for
the gridding kernel and the other for the communication. Of course, the communica-
tion cannot start until all the visibilities have been gridded, such that CUDA streams
are essential because we will see that the two parts are inherently entangled. I’ve con-
tibuted to implement the distributed cuFFTMP on GPUs, which becomes a difficult
task when the grid has already been distributed on GPUs. This indeed implies that
pointers after the reduce match with FFT’s descriptors intrinsic pointer alignments,
and this led to copy the memory buffer to another which matches the correct memory
location.

As claimed in Section 1.9, there are other libraries already performing radio imag-
ing. We decided to compare our outputs with the WSClean ones to see if the images
match. We couldn’t go further since currently our code has a different normalization
scheme and the final fluxes are of course different, meaning that the outputs are not
binary equal. So we show the reconstructed images with the two codes in their own
normalization scheme.

Figure 2.10: Deconvolved image, WSClean image with natural weighting, RICK image. The dataset
refers to the “Original TRG”, a head-tail radio galaxy in the galaxy cluster Abell 2255. Credit: Emanuele
De Rubeis.

Figure 2.10 displays in the left panel the deconvolved image of a head-tail radio
galaxy in the cluster Abell 2255, which is the closest one to the real object, while in the
central panel and right panel there are the “dirty” images from WSClean and RICK,
respectively. The weighting for the visibilities is the same, but the difference is that
WSClean discerns the polarization beams and compute fluxes for just one polarization,
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while RICK doesn’t have this feature yet and combines together all the polarizations,
performing more computation in terms of 𝐹𝑙𝑜𝑝𝑠 but at the same time losing informa-
tion about sources around the central object. In the three images the normalization is
different so it is out of scope checking whether the outputs are binary equal, this is
instead a first hint to see that RICK is actually reproducing the right radio source. The
galaxy tail is clearly recognizable in both the dirty images. For the sake of complete-
ness, we see that the deconvolved image shows just one source, but this is due to the
fact that distance scale is different between the first and the other two images.

Figure 2.11 is a quantitative comparison between RICK and WSClean, inside one
computing node since WSClean has no full MPI implementation, and we had to go
for OpenMP version, with up to 32 threads on the Marconi100 machine available at
CINECA. RICK has been run with MPI instead, and in the upper panel we show the
relative difference among the two codes, with the same number of computing units to
produce the same dirty image. While in the serial case the two codes’ performances
overlap, and with two computing units WSClean is actually faster than RICK, by in-
creasing 𝑁 the performance of RICK increases more rapidly, eventually reaching a
more than 30% performance gain compared to WSClean. The lower panel shows ef-
ficiencies, defined in Equation 1.5, with WSClean in green and RICK in orange. Al-
though RICK needsMPI collectives, the efficiency is better thanWSClean, whose com-
puting units are actually working in shared-memory. However, while MPI collectives
are a problem and this will be extensively discussed throughout all the thesis, the
reason for WSClean poor performance is that multi-threading alone leads quickly to
memory contention, since the memory bandwidth is eventually saturated by the in-
creasing number of threads trying to access DRAM, leading to the WSClean efficiency
drop. Furthermore, the full MPI implementation gives the possibility to run over mul-
tiple nodes and to avoid to split original data to fit inside one node’s memory, which is
actually the case inWSClean. Wewill see through the thesis that the best configuration
which reduces impact on both memory contention and MPI collectives is the hybrid
MPI+OpenMP implementation, whose results on both MPI collectives and RICK will
be extensively discussed in the next chapters.

Figure 2.12 shows a more fair comparison starting from the results in the upper
panel of Figure 2.11, which is represented by the blue line. The red curve is the rel-
ative difference between WSClean and RICK when the communication time in RICK
is excluded from the total runtime. This is because the MPI implementation requires
communications, but the WSClean OpenMP parallelization is in shared-memory, and
does not include any communication overhead. In this case we see that pure parallel
computation in RICK reaches up to 80% better performance than WSClean.
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Figure 2.11: Upper panel: Relative difference between WSClean and RICK codes in one node. The
former has only the OpenMP parallelization paradigm, while RICK has been run with MPI. Lower
panel: Corresponding efficiency, defined in Equation 1.5, of the two codes.
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Figure 2.12: Relative difference between WSClean and RICK codes in one node, with and without
communication runtime included in RICK. The former has only the OpenMP parallelization paradigm,
while RICK has been run with MPI.
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3
THE ALGORITHMIC IMPRINT IN ENERGY

EFFICIENCY

3.1 Introduction

Currently the energy consumption of HPC facilities has been becoming an issue of
pivotal importance and to handle with this it is necessary to mix the most energy sav-
ing architectures and the fastest and instruction-level cheapest algorithms. In partic-
ular, when many computing resources are used, MPI collectives become bottlenecks
because of the not well balanced superposition between computation and communi-
cation, with this one dominating the runtime.

In this chapter we introduce an alternative implementation of the standard reduce
in shared memory. In this implementation a new communicator is created, which
recognizes the NUMA architecture of the machine and ranks the MPI tasks in order
to achieve the maximum bandwidth, by filling all the NUMA regions in a round-
robin fashion. The Reduce exploits the ring algorithm, where communications are
performed among nearest neighbors. It is known that the ring has a higher band-
width compared to the binomial tree and almost the same one of the reduce-scatter
algorithm, but with the advantage that it does not need the number of MPI tasks to be
power-of-two to achieve the best performance.

My collaborators and I studied the energy-to-solution and the time-to-solution of
our implementation compared to the standard MPI Reduce and MPI Ireduce avail-
able in two different MPI implementations. We expect faster algorithms to be cheaper,
but our aim is to investigate whether there is an algorithmic imprint in the energy
consumption, i.e. whether different CPU instructions can lead to different consump-
tion. The test machines are an Intel node with two Intel(R) Xeon(R) Gold 6126 CPU
@ 2.60GHz of 12 cores each and an AMD node with two AMD EPYC 7H12 64-Core
Processor @ 2.60 GHz of 64 cores each, available at the ORFEO cluster at the Area
Science Park in Trieste. The CPU energy counters are different in each architecture.
However, we will mainly discuss results on Intel architectures, leaving the last sec-
tions of the chapter on the discussion of the AMD results. Section 3.2 will be devoted
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to the description of our hybrid reduce implementation, focusing on technical details.
In Section 3.3 I will introduce Intel and AMD architectures, showing their difference
in hardware structure and energy counters, with particular attention on how we have
accessed these counters.

3.2 The hybrid reduce implementation

Pure MPI codes introduce significant overhead, especially when multiple collective
calls are necessary. To reduce the communication impact, one possibility is to diminish
the number or MPI tasks involved, for two reasons:

1. When each MPI task has a portion of the data and needs to communicate with
all the other ranks, leading to an all-to-all communication. With less MPI tasks,
there are less data sectors and less reduce calls are necessary.

2. Diminishing the number of processes means that less ranks are involved in each
reduce operation, and this increases the𝑇𝑐𝑜𝑚𝑝/𝑇𝑐𝑜𝑚𝑚 ratio, making the codemore
compute-bound.

However, using less MPI tasks than available cores means that CPU is underutilized.
This leads to lose in computing power and, in some MPI implementations, to errors
in memory buffer allocations. To solve this issue, full parallelization is turned on with
OpenMP, to saturate all the available CPU cores. This helps to speed-up the sum-
mation, because more cores are involved in the computation, and to multiple instruc-
tion parallelism, with different OpenMP threads executing different instructions at the
same time.
We achieved this goal with the implementation of a hybrid ring reduce, which ex-
ploits both MPI and OpenMP parallelization, and it’s meant to be portable, by using
MPI calls available in every MPI implementation. The reduce is ring-like, with each
rank communicating with its nearest-neighbours in the communicator. In each com-
puting node MPI ranks are assigned to each NUMA region (Non-Uniform Memory
Access), and then grouped in a intra-node communicator. Parallel workers are inUni-
formMemoryAccess (UMA)when each one can access the samememory bank in the
same time, whereas two parallel workers which take different times to access a spe-
cific memory region are in Non-UniformMemory Access. NUMA is useful in order to
assign specific memory banks to groups of processes, to reduce as much as possible
memory contention and bandwidth saturation. MPI assigns tasks to cores in different
NUMA regions in a round-robin fashion. In Intel nodes, for instance, a single socket
(CPU) is a single NUMA region, so in multi-socket nodes MPI fills the two sockets by
putting task 0 in socket 0, task 1 in socket 1 and so on and so forth, eventually filling
all the cores available in all sockets. When all the MPI ranks are assigned (remember
that for hybrid codes one is not saturating the entire machine with MPI) according to
the different NUMA regions, they are grouped by the intra-node communicator in or-
der to perform a communication only among tasks in the same node. This is needed to
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force the processes to communicate with siblings in the same communicator, i.e. in the
same node. The idea is to avoid as much as possible the communication through the
network, which is much slower than intra-node communication, even if the processes
are spread in different NUMA regions. For example, imagine to have four MPI tasks,
spread over four different nodes. A collective communication needs to pass through
the network at each stage several times, but if you have 2 tasks in one node and 2 in
another node, you essentially halve the network transfers. Now, consider that the first
two ranks in the first node are forced to communicate only with each other, and the
same for the other ones. Both the nodes will contain a partial result which needs to be
exchanged between the two nodes to obtain the final result. In one task in each node
is the master, it contains the node’s partial result and communicates it with the master
in the other node, with just one network transfer. This is what we have done with the
reduce operation.
Two communicators are created:

1. Intra-node communicator: its purpose is to group all the ranks in the same node,
i.e. if 𝑃 is the number of MPI tasks per node, processes in each node are then
ranked from 0 to 𝑃 − 1. Rank 0 is the node’s master.

2. Inter-node communicator: its purpose is to group all the master ranks of each
node, and the network communication is performed as it were just one task per
node. Each master owns the node’s partial result.

We stressed that inMPI each process can directly access its ownmemory region, while
to exchange information with the other processes needs communications. However,
there is the possibility to put MPI tasks in shared-memory with the MPI shared win-
dows. Windows create channels of Remote Direct Memory Access (RDMA) among
processes. In the intra-node communicator, ranks are in shared-memory andno send/re-
ceive operations with buffer allocations are needed. Because tasks have access to the
same memory region, atomic operations are necessary for synchronization and to
avoid data races, i.e. when two or more parallel workers update the same variable
at the same time, without any synchronization, leading to a wrong result.
Each MPI task spawns two OpenMP threads:

1. Thread 1 calls the function performing the shared-memory reduce within the
intra-node communicator, in which all the tasks are participating.

2. Thread 0 calls the MPI function to connect master ranks pertaining to different
nodes, within the inter-node communicator. Actually only task 0 calls MPI, for
all the others this is a “silent” thread.

With two threads, themaster rank coordinates the reduce operation in shared-memory
with its siblings in the same node, and manages the MPI communication with all the
other nodes’ masters. Inter-node communication is not implemented with a ring as
well, but still relies on the standard MPI implementation with the non-blocking pro-
tocol, i.e. MPI Ireduce.
We are developing this implementation further in two ways:
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1. We let each MPI task spawn the maximum number of OpenMP threads compat-
ible with the number of CPU cores available. All the threads, with the exception
of Thread 0 (engaged in the communication), are directly involved in the sum-
mation.

2. We are implementing a ring-like reduce in inter-node communicator as well by
using again MPI shared windows, where each master can access remotely the
memory of another node with direct memory access.

The purpose is to speed-up the summation in the intra-node shared-memory reduce,
and to find a better reduce implementation to avoid standardMPI calls, which turn out
to be bottlenecks when hundreds or thousands computing nodes are used. The hybrid
implementation is thought to reduce the communication impact on the runtime, and
consequently the energy-to-solution if the code becomes much faster than the pure
MPI implementation.

3.3 Architectures and energy counters

Intel CPUs are usually constituted by a single NUMA region, meaning that there are
not submemory regions pertaining to subgroups of cores, but all over the CPU every
core takes the same time to access DRAM. This is particularly useful since Intel CPUs
(or sockets) are made by a few number of cores, which in the tests of this chapter will
be 12 and a maximum of 16 at the Leonardo supercomputer for the results presented
in Chapter 4 and Chapter 5. Figure 3.1 is a schematic view of dual-socket Intel com-
puting node. The blue squares represent the two CPUs, which in Intel case each one
constitutes a NUMA region. The Intel UPI (Ultra Path Interconnect) connects the two
CPUs with a total bandwidth up to 20.4𝐺𝐵/𝑠 per link. Each socket is connected to the
grey rectangles on the edges, which represent the DRAM banks. Again, despite the
picture can be misleading, each CPU core takes exactly the same time to access all the
memory banks, independently on where it is placed on the socket. PCIe (Peripheral
Component Interconnect Express) are at disposal to connect sockets with GPUs, the
number of PCIe slots defining thememory transfer maximum bandwidth between the
host and the device, which in this specific case is 3× 32𝐺𝐵/𝑠 = 96𝐺𝐵, even if one GPU
can be connected to only one PCIe. In principle, this node scheme allows to connect 6
GPUs to the two sockets. Intel Omni-Path Fabric is the connection between the CPU
and the network board, which is in turn connected to the other computing nodes. Its
bandwith is 100𝐺𝐵/𝑠.

Figure 3.2 schematically shows how an AMD socket is constituted. Its structure
is more complex than the Intel one displayed in Figure 3.1, since here the entire pic-
ture would represent one of the blue squares. The socket has 64 cores in total, divided
into four quadrants, which communicate with each other thanks to the I/O die. Each
quadrant has its own memory bank, and is connected to it with two MCs (Memory
Controllers). Cores pertaining to different quadrants take different times to access
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Figure 3.1: Example of a dual-socket Intel architecture. The two heavy blue squares represent the two
sockets, each one is a NUMA region. They are connected among each other through the UPI (Ultra
Path Interconnect) while at the edges each processor is connected through its DRAM. In GPU nodes,
the PCIe (Peripheral Component Interconnect Express) is the main interconnection between CPUs
and GPUs, while Omni-Path Fabric is the connection to the inter-nodes network. Intel CPUs can
even measure the energy consumption due to memory accesses. Source: https://www.chipict.com/
intel-purley-platform/.

the same memory bank. This is the first NUMA level. However, there is a second
NUMA level due to the subdivision of each quadrant into four CCD (Core Complex
Dies), which in turn contain four CCX (Core CompleXes) with four cores each shar-
ing L3 cache, to get eventually the third NUMA level. This is a really complex NUMA
structure, and for really memory intense algorithms, it would be necessary to fill the
quadrants in a round-robin fashion, otherwise memory contention will limit the per-
formance significantly, since many cores are forced to access the same (smaller) mem-
ory bank in the same time. As an example, by placing Task 0 on first quadrant and Task
1 on the second quadrant, both processes can perform their memory operations inde-
pendently, since they’re actually working on two distinct memory regions. On the
other hand, communication involving tasks placed on the same quadrant are faster
than ones involving tasks in different quadrants, and the same holds with the finer
NUMA regions for CCD and CCX.

In this work I tested the energy efficiency of our implementation, described in Sec-
tion 3.2, against two different implementations of MPI: OpenMPI and IntelMPI. In
particular, we will investigate the performance of the MPI Reduce and the MPI Ire-
duce, both available in every MPI implementation. The two collectives differ only for
the communication protocols, the first one being blocking and the second one being
non-blocking.

The tests have been performed on the 2× 12 Intel(R) Xeon(R) Gold 6126 CPU and

https://www.chipict.com/intel-purley-platform/
https://www.chipict.com/intel-purley-platform/
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Figure 3.2: Example of a single socket inside a dual-socket AMD Epyc architecture. These sockets have
32/64 cores divided into four quadrants. Quadrants communicate with each other via a central die called
I/O die. Inside each quadrant there are two or four CCD (Core Complex Dies) that contain each four
CCX (Core CompleXes) each with 4 cores sharing the L3 cache. Each quadrant is connected to its own
DRAM through twoMC (Memory Controller). To sum up, each CCX is actually a NUMA region, but
as we will see later, to maximize the bandwidth it is more useful to assign the MPI tasks to each quadrant
in a round-robin fashion, because all the cores inside each quadrant share DRAM. Source: https:
//downloads.dell.com/manuals/common/dell-emc-dfd-numa-amd-epyc-2ndgen.pdf.

Table 3.1: Technical details of the architectures used in this work. For Intel machines there is one
NUMA region per socket (Figure 3.1)., whereas there are 4 NUMA regions per socket exposed by the
kernel in this specific AMD architecture (Figure 3.2).

Name NUMA Cores RAM
Intel(R) Xeon(R) Gold 6126 CPU 2 24 768 GB
AMD EPYC 7H12 64-Core Processor 8 128 512 GB

2 × 64 AMD EPYC 7H12 64-Core Processor @ 2.60 GHz computing nodes available at
the ORFEO (Open Research Facility for Epigenomics and Other) cluster at the Area
Science Park in Trieste, The details of the architectures are listed in Table 3.1.

3.3.1 RAPL energy counters

The energy measurements have been performed with the help of RAPL (Running Av-
erage Power Limit) counters exposed by the Linux kernel on Intel and AMD architec-
tures (Hähnel et al., 2012; Desrochers et al., 2016; Alt et al., 2024).

I used PAPI (Performance Application Programming Interface) (Mucci et al., 1999;
Terpstra et al., 2010; Weaver et al., 2012; McCraw et al., 2014; Wrinkler, 2020) to read
the RAPL counters, because it automatically recognizes and how many counters in
each socket there are. However, neither the OS nor PAPI actually specify the energy
contribution each RAPL counter is actually measuring, it is necessary to be aware of
the specific architecture, this means that if both the Intel and AMD counters are ex-
posed by the kernel as one region and one sub-region (per socket) this no way means

https://downloads.dell.com/manuals/common/dell-emc-dfd-numa-amd-epyc-2ndgen.pdf
https://downloads.dell.com/manuals/common/dell-emc-dfd-numa-amd-epyc-2ndgen.pdf
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that they’re measuring the energy consumption of the same event.
For the Intel architecture we have one region measuring the CPU energy of the

whole socket, i.e. the energy due to the computation plus other core events like LLC
accesses and we have a sub-region measuring the DRAM energy, i.e. the energy con-
sumption due to thememory access. As wewill see later, this information is extremely
useful because it allows one to study how the memory access impacts in the different
implementations (Schöne et al., 2021).

For the AMD architectures we have one region measuring the CPU energy of the
whole socket as before, but in this case the energy actually measured is not just due
to the core events, but parts of uncore events, like partial DRAM access, are included
in the final result. This is a mess because we cannot use the RAPL counters in AMD
to estimate the memory access impact as in Intel machines. However, AMD machines
permits one to measure per-core energy, i.e. the energy due to the workload of one
single core (Schöne et al., 2021).

3.3.2 Powercap

PAPI is a tool which allows one to interface with several kinds of hardware counters
available on one’s CPUs, GPUs, InfiniBand and many others.

These hardware counters can measure cache-misses, instructions-per-cycle, cycle-
per-element and also power and energy consumption. To achieve this goal, PAPI has
the capability to inspect the powercap counters, thanks to the implementation of linux-
powercap.c, which accesses to the directory /sys/class/powercap/where one can find
all the RAPL counters. At the beginning AMD used to monitor the energy consump-
tion through APM (Application Power Management) but then they moved to RAPL
counters (Schöne et al., 2021). So both AMD and Intel architectures seem to expose
the same RAPL counters, but as already discussed one must be aware that they are
actually measuring different energy contributions in different architectures.

3.3.3 MSR

Even if RAPL counters are available for both Intel and AMD architectures, which can
be exposed by the powercap component, to bemore accurate in AMD energymeasure-
ments my collaborators and I chose to rely onMSR (Model Specific Register) counters
(Design, 1997; Kogler et al., 2022), since they’re claimed by the vendor to be more
reliable than RAPL.

MSR have access to measure contributions from two different components:

• CPU energy This contribution includes the sum of the energies consumed by
the single cores, and many other uncore events, i.e. cache accesses and partially
even DRAM accesses.

• Core energy This contribution includes the core events, and each core has its
own counter. Core energy includes only CPU utilization energy, such that the
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summation of all cores contributions is lower than CPU energy, which includes
uncore events.

In fact it has been found out that RAPL didn’t manage to access all the core coun-
ters, such that only the CPU energy could be obtained, losing important information
about the single core energy. Furthermore, we noted that even the CPU energy had
a bug, especially for multi-socket nodes, where RAPL was able to read the energy
counter for one CPU only. With the MSR register this problem is avoided, thanks to
a driver able to access Model Specific Registers and creating a folder in which all the
energy counters, labelled from 1 to 130, was created. Having the AMDmachine at OR-
FEO 128 cores, labels from 1 to 128 are the core energy counters, while 129 and 130 are
the socket 0 and socket 1 total counters, respectively. With this driver we have been
able to perform energy measurements on AMD CPUs at both CPU and core levels.
Initally the counters weren’t able to manage turn-around, i.e. they reach a maximum
number and then reset, and much effort has been needed to fix this issue.

To make these counters accessible, a pull request with PAPI has been made, such
that all users can now perform energy measures with AMD CPUs, and a new branch
was created1. The PAPI component has then been interfaced with a profiler to read
the counters at each step in order to obtain a power profiling.

The profiler is a python code which selects a timestep to call the driver. Apart
fromAMDMSR, it is able to read RAPL for Intel CPUs and to read the nvml (NVIDIA
Management Library) counters (Kasichayanula et al., 2012; Raffin et al., 2023; Parashar
et al., 2023). However, CPU counters are updated much faster than GPU ones, this
setting strong constraints on the timestep choose in the profiler. With CPUs, it was
possible to go below 0.05𝑠 read timesteps to have a finer profiling, while with GPUs
going below 0.5𝑠 led to discontinuous and unreadable results. To use the profiler
properly, the usermust be aware about the update frequency of the relevant hardware,
which may change from CPU to CPU according to vendors.

3.4 Results

This section will be devoted to the results presentation for the reduce. Here, only the
reduce part will be profiled, instead of the whole radio imaging code, to inspect the
efficiency of our new implementation against the standard ones, given by OpenMPI2

and IntelMPI3. As mentioned in Section 3.1, in the first part I’ll be focused on the re-
sults got in the Intel machine, which allows to profile the energy spent by the CPU and
the energy spent to access memory as well. This permitted to study the algorithmic
imprint of the reduce operation in CPU utilization and memory utilization, with the
focus on energy and runtime differences. It is fundamental to study the relation be-
tween energy-to-solution and time-to-solution to understand whether the difference
1 https://github.com/NiccoloTosato/papi/tree/amd_energy
2 https://www.open-mpi.org/
3 https://www.intel.com/content/www/us/en/developer/tools/oneapi/mpi-library.html

https://github.com/NiccoloTosato/papi/tree/amd_energy
https://www.open-mpi.org/
https://www.intel.com/content/www/us/en/developer/tools/oneapi/mpi-library.html
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in energy consumption is due to the runtime difference only or there are cheaper in-
structions impacting the energy-to-solution. The energy fraction spent in memory
access will be presented and discussed, to grasp the algorithmic memory intensity of
the different implementations.

3.4.1 Intel

In Figure 3.3 and Figure 3.4 I present the ratios of the homologous quantities, labelled
by 𝑋 in the y-axes, which represents energy or time, between the standard Reduce
and Ireduce implementations available in both OpenMPI and IntelMPI and the our
ring reduce. Results are averaged over three measurements and standard deviations
are chosen as errorbars. Solid lines pertains the OpenMPI library while dashed lines
pertains the IntelMPI library.

In the x-axes there are the number of MPI tasks, i.e. what I called 𝑁 . The blue lines
are the CPU energies, i.e. the energy needed by the node to perform the computations
and other core events like L3 cache accesses (no DRAM access energy is included), the
green ones are theDRAMenergies, i.e. the energy needed by the node to accessDRAM
during the execution of the program. It is interesting in this specific case because all
the three implementations are memory-bound. The orange lines represent runtimes,
i.e. the total times spent by the node to perform the reduce operation. To test the
actual reduce efficiencies I have performed one reduce perMPI task and I have kept the
size of the problem constant, same number of sums but different memory movings,
I performed a strong scalability test by increasing the number of MPI tasks at each
step. At fixed problem size, I should expect in the ideal case the allreduce operation
to be constant at least in terms of runtime, however the increasing number of reduce
operations as a function of 𝑁 leads to an increase in overhead and consequently to an
increase in both energy consumption and runtime. However, notice that the overhead
imprint is lower in our implementation compared to the standard libraries, witnessed
by the ratio increase as a function of 𝑁 in both plots.

I notice that our implementation is faster and cheaper in energy than the MPI ones
and it’s interesting to observe that this ratio does depend on the number of MPI tasks
among which the operation is performed. In Figure 3.4 there are some spikes corre-
sponding to 𝑃 = 4, 8, signalling that the MPI Ireduce is implemented in a different
way when the number of MPI task is a power of two.

The results of these efficiency ratios are summarized in Table 3.2. Results show that
for the Intel architecture ring reduce is significantly faster and cheaper than OpenMPI
implementation, up to factors ∼ 6, ∼ 7 in CPU utilisation energy and ∼ 4 in memory
utilisation energy. Ring reduce is still faster and cheaper than IntelMPI but with lower
gain factors, as can be seen in Table 3.2, meaning that Intel implementation is actually
better for these purposes.

Much relevant to notice is that energy ratios and time ratios have a similar shape
but they are not exactly superimposed. This means that the energy is not simply an
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Table 3.2: Table of ratios between CPU energy/memory energy/runtime of both OpenMPI and In-
telMPI and ring reduce for the Intel architecture.

Name CPU DRAM Runtime
OpenMPI 2 − 7 2 − 4 2 − 6
IntelMPI 2 1.5 − 2 2

integral over time, i.e. the energy consumption does not just depend on the runtime,
but there are cheaper CPU instructions from one side, and more memory intense al-
gorithms on the other side. This is the main result I want to underline, i.e. different
codes doing the same stuff in almost the same amount of time can have different en-
ergy consumption due to how CPUs and memory are used.

Figure 3.5 and Figure 3.6 shows the ratios of the blue/green lines and the orange
lines of Figure 3.3 and Figure 3.4, in order to infer quantitatively the impact of the algo-
rithmic imprint. Again, solid lines refer to OpenMPI libraries and dashed lines refer
to IntelMPI libraries. The blue curves represent the ratios between the CPU energy
gain and the runtime gain of our implementation against the MPI standards, and we
clearly see that the CPU energy gain is up to 10% more than runtime gain for the MPI
Reduce, while it is still above but very close to one for the MPI Ireduce. This means
that our implementation uses cheaper CPU instructions than the MPI ones, especially
than the MPI Reduce. The opposite happens when the ratios of memory utilisation
gains and runtime gains are considered. Our results show that these ratios are well
below one signalling that our implementation is more memory intense, as expected.
Interestingly, in Figure 3.6 we observe that by summing the two energy contributions
I have a number very close to one, meaning that the total energy contribution behaves
as an integral over time. To have a confirmation that ring reduce is more memory in-
tense, I plot in Figure 3.7 the ratio between the DRAM energy and the total (CPU +
DRAM), which does not diminish trivially as a function of the number of MPI tasks in
our implementation as it does happen in a very effective way in the other implemen-
tations. Indeed our ring reduce has a memory access energy fraction which stabilizes
at about 36 − 37%, while in the MPI Reduce the fraction drops at about 26% and in
the MPI Ireduce it drops at 30%. This actually is not a great issue because we see in
Figure 3.3 that our implementation is up to 3.5 times cheaper than the MPI Reduce
and up to 4 times cheaper than the MPI Ireduce for memory access, while it’s up to
∼ 7 times cheaper in terms of CPU energy than both the standard implementations.
Due to the fact that in all the cases the majority of energy is wasted by the CPU, I can
conclude that our ring algorithm in shared-memory is actually more energy efficient
than the MPI standards on Intel architectures.

The next stepswill be to have a full reduce threadization intra-node so that asmany
cores as possible can participate in the summation and to extend our ring algorithm
on many nodes by implementing a distributed-memory ring among the master ranks
of each node.
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Figure 3.3: Ratio of energy/time of the standard MPI Reduce and our implementation as a function
of 𝑁 . Solid lines refer to the OpenMPI implementations, while dashed lines refer to IntelMPI. For this
specific architecture we notice that ring reduce is much more efficient both in terms of performance and
consumption compared to OpenMPI, whereas the gain becomes more subtle when the direct comparison
with the IntelMPI reduce is considered. For each implementation, the curves have almost the same shape,
but they are not superimposed. This means that the gain in energy efficiency is not exactly the gain in
runtime. Also interesting to notice that the gain I have in memory access energy is not as high as the
one in CPU utilisation energy.

Figure 3.4: Ratio of energy/time of the standard MPI Ireduce and our implementation as a function
of 𝑁 . Solid lines refer to the OpenMPI implementations, while dashed lines refer to IntelMPI. For this
specific architecture we notice that ring reduce is much more efficient both in terms of performance and
consumption compared to OpenMPI, whereas the gain becomes more subtle when the direct comparison
with the IntelMPI reduce is considered. For each implementation, the curves again have almost the same
shape, but they are not superimposed. As in the MPI Reduce case, this means that the gain in energy
efficiency is not exactly the gain in runtime.
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Figure 3.5: Ratios of the CPU/DRAM energy gain and the runtime gain between our ring algorithm
and theMPI Reduce as a function of𝑁 . As expected, for the CPU this ratio is greater than one, signalling
that our implementation has cheaper instructions than standards. This is different for DRAM, for which
this ratio is less than one, meaning that even the DRAM access energy does not just depend on runtime
and the algorithm is more memory intense.

Figure 3.6: Ratios of the CPU/DRAM energy gain and the runtime gain between our ring algorithm
and the MPI Ireduce as a function of 𝑁 . The CPU gain now is less than the one from MPI Reduce and
the ratio slightly differs from one. As for the MPI Reduce, we still observe that our algorithm is more
memory intense compared with the other implementations because again the DRAM/runtime ratio is
lower than one.
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Figure 3.7: Energy due to DRAM access divided by total energy as a function of 𝑁 . Left panel: our
implementation has an almost constant energy fraction due to DRAM, but this can also be due to the
dimension of L3 cache of the machine we are using. Central panel: MPI Reduce is the implementation
which uses the DRAM in the smartest way, because the energy fraction drops up to∼ 21%when the node
is saturated. Right panel: MPI Ireduce uses the DRAM in an intermediate fashion between the other
two implementation, but however the energy fraction decreases by augmenting 𝑁 . It will be interesting
to inspect how can we use the DRAM in a more efficient way in our ring algorithm.
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Figure 3.8: Package energy for socket 0 (left panel) and for socket 1 (right panel) as a function of 𝑁 .
Points are numerical data averaged over three runs and solid lines are a linear fit whose shaded areas
correspond to standard deviations of the measurements.

3.4.2 AMD

In this paragraph I will show our preliminary results on AMD CPUs, where we did
strong scaling tests, again, by keeping the number of summations per task constant
and changing the communicated data step by step. In AMD machines we are able
to measure CPU energy, labelled also “package”, and core energy, where single core
counters are read. We expect memory operations to be more expensive than summa-
tions, such that the increase in memory operations will be dominant with more and
more processes, and the expectation is a linear scaling, since the entire operation is an
allreduce at the end of the day.

Figure 3.8 represents the package energy for socket 0 and socket 1, in left and right
panel, respectively, as a function of 𝑁 . The energy is now measured in 𝐽, points are
measured data averaged over three runs, while solid lines are linear fit to these data
with a shaded area corresponding to the standard deviation of the measurements.
From the plot is clear that for few processes per socket the three implementations al-
most overlap, whereas the main difference is relevant when 𝑁 grows. The ring re-
duce energy increases with a smoother slope, which is far more pronounced for the
standard MPI implementations. The scatter between green points, pertaining to the
Ireduce, and the orange points, pertaining to Reduce, happens when 𝑁 is a power of
two, for which Ireduce turns out to be a more efficient algorithm.

In Figure 3.9 the situation becomes more interesting. Here the energy has been di-
vided by the runtime to obtain an average power for each implementation, as a func-
tion of 𝑁 . Indeed ring reduce and Ireduce almost overlap, with the latter doing some
“jumps” which reach their minima when 𝑁 is a power of two. On average, the Ireduce
absorbs the same power as the ring reduce, however is much slower, and is impacted
by the algorithmic imprint, which turns out to be more efficient for the latter.

Figure 3.10 shows the core energy sum as a function of 𝑁 . This time the ring and
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Figure 3.9: Package power for socket 0 (left panel) and for socket 1 (right panel) as a function of 𝑁 .
Points are numerical data averaged over three runs and solid lines are a linear fit whose shaded areas
correspond to standard deviations of the measurements.

Figure 3.10: Core energy for socket 0 (upper panel) and for socket 1 (lower panel) as a function of 𝑁 .
Points are numerical data averaged over three runs and solid lines are a linear fit whose shaded areas
correspond to standard deviations of the measurements.
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Figure 3.11: Core power for socket 0 (upper panel) and for socket 1 (lower panel) as a function of 𝑁 .
Points are numerical data averaged over three runs and solid lines are a linear fit whose shaded areas
correspond to standard deviations of the measurements.

Ireduce colours have been inverted. Again, for small 𝑁 , the three point datasets over-
lap, with the energy increase becoming less relevant for the ring reduce for larger 𝑁 .
However, the difference in energy is less pronounced than in Figure 3.8, until 𝑁 ∼ 40.
It is again clear that when 𝑁 = 32 and 𝑁 = 64 the Ireduce energy suddenly drops.

The most astonishing result happens in Figure 3.11, when the average power of the
three implementations is plotted as a function of 𝑁 . In both panels ring and Ireduce
linear fits almost overlap, with a more pronounced effect for socket 1. However, this
is true on average, since for non-power-of-two 𝑁 values the Ireduce data are above
the ring ones. However, when 𝑁 is a power of two, the Ireduce has the minimum
absorption.

3.5 Conclusions

At first order energy is an integral over time, i.e. if you want to save energy, write
faster codes. However, when I plotted the ratio between energy gain and runtime
gain in Figure 3.5 and Figure 3.6 I found that there is a non-negligible contribution
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from algorithmic imprint. The take-home message is that our ring reduce implemen-
tation is not just faster thanMPI Reduce/Ireduce, but it turns out to have even cheaper
instructions. A low-level code profiling is the next step in the work, in order to inspect
which instructions impact the most in energy-to-solution and whether it is possible to
port this knowledge in several codes by rewriting them to exploit the most efficient in-
structions. In terms ofmemory imprint, our code ismorememory intense thanMPI, as
shown in Figure 3.7. By increasing 𝑁 the MPI standard implementations start to have
a deeper computational impact than the ring reduce. To diminish this memory impact
it would be useful to generalize the current hybrid reduce to the fully hybrid reduce,
in which all the available threads are used and are involved in the summation. If 𝑁𝑡ℎ

threads are spawned by each process, one will be involved in the communication only
and 𝑁𝑡ℎ −1 will be working in the summation. The generalization to implement a ring
reduce among node masters is under development and the results will be presented
in a future work. Aside performance, the network ring reduce is necessary since MPI
Ireduce is strongly limited by the buffer size. When𝑁 is very small andCPUs are filled
with OpenMP threads, it happens that the entire buffer must be sent to task 0, which
very often overflows the memory per core available, causing a code crash. The ring
reduce will fix this issue again with MPI shared windows, in which data are loaded
into the window in bunches, which may be few or even one when data are small, and
may be tens or hundreds when data are large. By the way, the current implementation
needs to synchronize the window at each bunch, leading to a performance bottleneck
which becomes more pronounced when the number of bunches is large.

Preliminary results on theAMDmachine reveal that the ring reduce energy depen-
dence is smoother than MPI implementations, however in terms of power absorption
Ireduce and ring reduce almost overlap, with the former being even better when 𝑁 is
a power of two. This leads us to change the algorithm for these 𝑁 values as well, in
order to have a logarithmic tree or a reduce-scatter (Iannello, 1997) algorithm.
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4
SINGLE-NODE AND I/O TESTS

4.1 Introduction

The RICK code aims at exploiting multiple CPUs, GPUs and distributed memory par-
allelism, splitting data and Cartesian 3D computational mesh across different pro-
cessing units, targeting optimal scalability on large HPC architectures. However, a
number of relevant applications in radioastronomy can be accomplished using a sin-
gle computing node, integrating one multi-core CPU with several GPUs. Specifically,
problems targeting images with size below 10000×10000 pixels with input data that
can be split by frequency or sliced in time, can be efficiently addressed on individual
processing nodes. Running on a single node also allows for seamless integration of
the code into conventional data processing pipelines that do not have the capability
for parallel processing on multiple nodes.

This study showcases the efficiency of the RICK code when executed on a single
computing node. In Section 4.2, we provide a concise overview of the methodology
and the experimental setup. In Section 4.3, we discuss the impact of parallel I/O in
the code. In Section 4.4 and Section 4.5, we show the results achieved by running
the code on various CPU/GPU configurations of the computing node, with small and
large configurations. Conclusions are drawn in Section 4.6.

4.2 Experimental setup

By utilising a recursive data loading and gridding process, data of any size can be ef-
ficiently managed. The tests described in this chapter assume that various frequency
bands are stored in separate files, which is a common practice with MeasurementSet
files, a common file format in radioastronomy. Once the previous file’s data has been
gridded, each file is loaded into memory using parallel I/O. Data load parallelism can
be also implemented dividing the input data into time-chunks. This feature enables
users to adjust the fraction of the processor’s memory allocated for input data. The
tests presented in this study utilise a dataset obtained from a LOFAR HBA Inner Sta-
tion 8 hours observation, whose main characteristics are presented in (Gheller et al.,
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2023)1. The dataset consists of 25 sub-bands of 2 MHz each, spanning a frequency
range between 120 and 170 MHz. For our tests, we have used the first 8 sub-bands.
Including more sub-bands would only lengthen our tests without contributing any
further insights to our discussion. To evaluate the performance of RICK, we have per-
formed a number of tests and benchmarks exploiting the Leonardo HPC architecture,
available at the CINECA supercomputing centre. CINECA is the Italian national HPC
facility and the Leonardo system is made of 3456 32-cores Intel Xeon Platinum 8358
CPU nodes equipped with 4 NVIDIA Tesla Ampere 100 GPUs. Each CPU node has
512 GB of DDR4 memory, the memory of the GPU is a 64 GB HBM2. The CPU and the
GPU are interfaced by a PCIe Gen4 interconnect, while the 4 GPUs per node adopts
NVLink 2.0. The systems deploys a Lustre parallel filesystem as working storage area.
The source code has been compiled using the GCC and the NVCC compilers and the
available MPI library. The GPU tests have been performed using CUDA version 12.1
and NVIDIAHPC SDK version 23.11: this suite includes NCCL version 2.18.5, NVSH-
MEM version 2.10.1, and cuFFTMp version 11.0.14. Each single input sub-band used
for the tests requires about 4.4 GB of memory. Therefore, a significant portion of the
CPU/GPU memory can be allocated for the computational mesh. We have executed
two series of tests. The first aims at analysing the performance and the scalability of
a node using different numbers of cores and GPUs. In order for these tests to be run
on a single GPU, the mesh size has been set to 4096 × 4096 × 32 cells. The second
aims at stressing the node architecture. We have then adopted the largest mesh that
can be managed by the GPUs, give their aggregate memory capacity of 256 GB. This
corresponds to 14000 × 14000 × 32 cells.

4.3 Data Load

Splitting the data load in frequencies (or times) overcomes the limitations imposed by
the CPU/GPU memory size. Data read is accelerated through parallel I/O, each MPI
task reading its own portion of input data.

Table 4.1 displays the data load performance in terms of GB/sec, based on the
number of MPI tasks. The parallel Lustre filesystem has data caching capabilities,
which means that data read multiple times by the same process is kept in memory,
allowing for quicker access than from the disc. When a single MPI task is utilised,
data is loaded at a rate of 1.4 GB/sec from the disc and 2.3 GB/sec from the cache. As
the number of MPI tasks increases, the disc data rate also grows, although not linearly.
With four MPI tasks, targeting the four GPUs on the node, the speed-up is of a factor
of around 2.5. When cache is utilised, the speed-up approaches linearity due to the
prefetchmechanism of the filesystem. Further increasing the number ofMPI tasks, we
can observe a steady improvement in performance. However, the Lustre filesystem’s
hardware configuration limits the measured bandwidth from disc to approximately

1 https://titulus-inaf.cineca.it

https://titulus-inaf.cineca.it


4.4. Small Tests 83

Table 4.1: Data read performance, measured in GB/sec. The first column represents the number of
MPI tasks, while the second and third columns display the performance for direct disc access and Lustre
cache access, respectively.

MPI tasks Disk (GB/sec) Cache (GB/sec)
1 1.4 2.3
2 2.3 4.3
4 3.7 7.1
8 5.1 11.6
16 6.1 18.7
32 6.3 22.9

6.3 GB/sec for 32 MPI tasks, even when all cores of a node are used to read data in
parallel. In contrast, the access to cached data results in a substantial improvement in
performance, even for 32 tasks.

4.4 Small Tests

In a first set of tests we have adopted a computational mesh of size 4096 × 4096 × 32
cells. These configuration fits the memory of a single GPU. In order to evaluate the
performance on different multithreading and GPU setups, single core benchmarks are
used as the baseline. The results are presented in Table 4.2.

Table 4.2: Time to solution for the Small test in different CPU/GPU setups. Breakdown for the main
computational kernels together with the communication overhead are provided. The first column reports
the number ofMPI tasks. The second column shows the number of CPU threads and the third the number
of GPUs used in the test. The following 3 columns present the average times to solution of the main
computational kernels. The seventh column reports the MPI overhead, while the last column presents
the total time to solution, comprising the contributions of the data input and output and of few additional
algorithmic components.

MPI Tasks Threads GPUs Gridding [sec] FFT [sec] w-stack [sec] Comm. [sec] Total [sec]
1 1 0 322.06± 2.95 30.01±0.54 26.08± 0.03 0 418.07± 3.25
1 32 0 12.26± 0.14 3.07±0.07 2.18± 0.19 0 48.30± 0.80
1 1 1 23.29± 0.02 0.70±0.01 0.1429± 0.0002 0 68.98± 0.61
2 1 2 9.51± 0.07 0.86±0.10 0.0781± 0.0030 1.80±0.01 47.34± 1.05
4 1 4 4.53± 0.05 0.53±0.01 0.0403± 0.0008 1.51±0.22 23.67± 0.44

It is evident that the utilisation of multithreading and GPU acceleration is crucial
in significantly decreasing the time to solution. The multithreading implementation
achieves a significant speed-up of 8.7 times compared to a serial run on a single core.
This improvement is achieved by utilising all 32 available cores. Furthermore, when
the GPUs are utilised, the speed-up is even higher, reaching almost 20 times. By util-
ising all the GPUs, the performance is approximately doubled compared to the 32
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threads CPU. This limited improvement in performance can be attributed to the in-
clusion of data load, which does not benefit from GPU acceleration, as well as some
algorithmic components that have not yet been accelerated on the GPU.

When examining the timing breakdown of the various kernels, it becomes clear
that the GPU acceleration is remarkable for the FFT and w-stack kernels. The speed-
up achieved is more than 4 times for the FFT kernel and over 14 times for the w-stack
kernel, when comparing the performance of a single GPU to that of the 32 threads
CPU. The speed-up is larger when 2 and 4 GPUs are used. The GPU acceleration of
the gridding kernel appears to be much less effective, with one GPU taking nearly
twice as long as the 32 CPU threads to perform the gridding. This is expected to be
due both to the low arithmetic intensity of the gridding kernel and to the frequent
race conditions when updating cells values by multiple threads, both affecting the
GPU implementation. MPI communication, present only for GPU setups, is managed
within a single node through the hi-speed NVLink interconnect, hence it does not
introduce a relevant overhead to the computing time.

4.5 Large Tests

Large tests uses the same input dataset as above, but with a computational mesh of
size 14000 × 14000 × 32 cells. This is the largest configuration we can run on the node
distributing the input data and the computational mesh evenly across the four GPUs.

Table 4.3: Time to solution for the Large test using the full node capabilities in terms of CPU, with
multithreading, and GPU, using the four available accelerators. Breakdown for the main computational
kernels together with the communication overhead are provided. The first column reports the number of
MPI tasks. The second column reports the number of CPU threads and the third the number of GPUs
used in the test. The following 3 columns present the average times to solution of the main computational
kernels. The seventh column reports the MPI overhead, while the last column presents the total time to
solution, comprising the contributions of the data input and output and of few additional algorithmic
components.

MPI Tasks Threads GPUs Gridding [sec] FFT [sec] w-stack [sec] Comm. [sec] Total [sec]
1 32 0 12.17± 0.02 41.43±0.10 19.44± 0.69 0 107.31± 5.87
4 1 4 5.38± 0.01 1.22±0.01 0.47± 0.01 4.53±0.04 30.11± 0.41

The GPU exhibits a significant increase in speed, approximately 3.5 times faster
than the CPU’s multithreaded performance. The performance difference between the
larger tests and the smaller ones can be attributed to the reduced influence of data load
and non-accelerated parts of the code on the overall time to solution. In addition, the
GPUs demonstrate superior performance in both the FFT and w-stack kernels when
compared to the CPU. Specifically, in these tests, the GPUs outperform the CPU by
factors of more than 30 and 40, respectively. For the gridding part, the same consid-
erations of Section 3.2 hold. Gridding performance is even further penalised due to
the larger size of the computational mesh resulting in more frequent main memory
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accesses.

4.6 Conclusions

This chapter explores the performance of the RICK code in radio astronomy imag-
ing using a high-performance computing (HPC) approach. Specifically, we focus on
parallelism and acceleration through GPUs when utilising a single hybrid computing
node equipped with a 32-core CPU and 4 GPUs. The code has the ability to split input
data either by frequency or time and also supports parallel I/O.

The main outcomes can be summarised as follows:

• The exploitation of all the capabilities of computing nodes provides outstanding
acceleration to the imaging process. Compared to a serial code, RICK runs more
than 8 times faster using all the available cores and more than 18 times faster
using the GPUs.

• Working with datasets of any size is made possible through the use of data input
split. Efficient parallel I/O is crucial for accelerating the data load process and
overcoming the limitations posed by large data sizes and disc access.

• The MPI implementation is essential for the purpose of enabling parallel I/O,
running onmultiple GPUs, and, most importantly, dividing datasets among var-
iousmemories to facilitate the processing of large use cases thatwould otherwise
be unfeasible.

• The FFT and the w-stacking algorithms are extremely efficient on the GPU. The
gridding algorithm suffers by low arithmetic complexity and frequent race con-
ditions. It is essential to have all the code components on the GPU in order to en-
sure the maximum efficiency, avoiding overheads due to data movements from
and to the GPU.

The RICK code is currently in the process of being developed to enable the optimal
exploitation of large HPC configurations, which can consist of hundreds of GPUs or
thousands of cores. This will be the subject of the next chapters.
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5
LARGE SCALABILITY TESTS

5.1 Introduction

Wepresent the results obtained on a state-of-the-art supercomputing platform, namely
the Leonardo pre-exascale system operated by CINECA, the Italian National Super-
computing Centre, ranked as seventh in the TOP500 list1 of June 2024. CPU and GPU
tests have been performedusing the same code base switching betweendifferent build-
ing options selecting the proper flags and macros in the Makefile and exploiting the
NVIDIA SDK available on the system. All tests have been performed using LOFAR
datasets, representative of current radio-observations. The chapter is organised as fol-
lows. In Section 5.2 we introduce the solutions adopted for the full GPU enabling of
RICK. In Section 5.3 the results of the performance and scalability tests are presented
and discussed. Section 5.4 is devoted to the communication and to its impact on the
code. Conclusions are drawn in Section 5.5.

5.2 Multi/Many Core Based HPC Architectures Support

In this Section, we discuss the newly implemented features of RICK, including the sup-
port for multi-many threads FFT, the integration of MPI based direct GPU-GPU com-
munication and the introduction of an optimised hybrid shared-distributed memory
to perform the reduce operation in substitution of the standard MPI library calls.

5.2.1 Parallel FFT on the GPU

Running the FFT directly on theGPUs represents a pivotal step for the RICK code since
it reduces the computational cost of this operation and removes the data movement
associated with it (see (Gheller et al., 2023)).

We have adopted the NVIDIA CUDA FFT library (cuFFT2), which provides an in-
terface for computing FFTs on an NVIDIA GPU. In particular, given our distributed

1 https://www.top500.org
2 https://docs.nvidia.com/cuda/cufft/contents.html
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memory parallelism approach, we exploited the distributed version of the cuFFT,
namely the cuFFT Multi-process library (cuFFTMp3). This is a multi-node, multi-
process extension to cuFFT that supports multiple GPUs across multiple nodes, a key
feature given that large size problems hardly fit into a single GPUmemory. At the time
of writing, cuFFTMp is the only library capable of solving the FFT problem among dis-
tributed GPUs. Specifically, we have used version 11.0.14 of the cuFFTMp, included
in version 23.11 of the NVIDIA HPC SDK toolkit. The cuFFTMp library uses NVSH-
MEM4, a communication library based on the OpenSHMEM standard that creates a
global address space that includes the memory of all GPUs in the cluster. The main
steps of the cuFFTMp implementation of the 2D FFT onNVIDIAGPUs are listed here-
after.

• A plan for 2D complex-to-complex FFT is created, which contains all informa-
tion necessary to compute the transform, including the pointers to the input and
output arrays.

• For each 𝑤 plan, distributed data are copied to the respective descriptor, that rep-
resents an ad-hoc structure for data that have to be transformed.

• The previously-initialised plan is executed doing a 2D inverse Fourier transform.
• Data are redistributed to the original order with a DEVICE_TO_DEVICE copy,

because after the FFT they are distributed in a permuted order.
• Finally, transformed data are brought back from descriptors and written into

a new device pointer, always distributed among multiple GPUs, which is then
used for the following steps of the code.

This operation is executed for each 𝑤 plan, as required by the 𝑤-stacking algorithm.
Within the loop over 𝑤, we need to allocate and free device memory for the first de-
scriptor used by the cuFFTMp, that is the one used for the execution of the FFT plan.
A second descriptor is instead used only to redistribute data in the original order, so
it can be allocated and freed just once outside the 𝑤-layers loop. The number of lay-
ers to be transformed has a significant impact on the overall performance of this step.
Also the initialisation of the library, in particular with the creation of the plan at the
beginning of the FFT step, impacts the computing time. This will be further discussed
in Section 5.3.2.

Having data resident on the GPU memory, we managed to use a CUDA kernel to
write the to-be-transformed input array into a cufftDoubleComplex data type, dividing
the real and imaginary parts, and copying it directly within the descriptor, speeding
up its creation and optimising the requirement of adopting this kind of data structure.
We also used a CUDA kernel to write FFT transformed data back to the right pointer
on the GPU which is then used for the following the 𝑤-correction step. This fully
eliminates the communication between host and device, hence preventing the need
for data transfer between the CPUs for every process and 𝑤-plan.
3 https://docs.nvidia.com/hpc-sdk/cufftmp/index.html
4 https://developer.nvidia.com/nvshmem

https://docs.nvidia.com/hpc-sdk/cufftmp/index.html
https://developer.nvidia.com/nvshmem
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5.2.2 Hybrid CPU-based FFT

In the code presented in (Gheller et al., 2023), the FFT algorithm could exploit only the
MPI implementation (FFTW-MPI5). When GPUs are used, each of them is assigned
to a single MPI task, running on a single CPU core. These cores are the only ones
that can contribute to a pure MPI FFTW calculation: therefore, a significant fraction of
the node’s computational capacity is wasted. In order to overcome this limitation, we
have exploited the MPI+OpenMP parallelism, using the Hybrid FFTW6 which allows
to combine MPI tasks and OpenMP threads to fully utilise the CPU as follows.

• First, data are distributed among all the MPI tasks as in the FFTW-MPI imple-
mentation.

• Then, each MPI task spawns a certain number of OpenMP threads for a further
workload distribution.

This allows exploiting all the available hardware: in the previous example, the hy-
brid FFTW runs on 4 MPI tasks, each task spawning 8 threads, effectively maximising
the CPU performance. In addition, when all the cores of each CPU are used, the hy-
brid implementation is expected to scale better compared to the pure MPI one, since
the number of MPI tasks performing communication is reduced, leading to a lower
communication surface. Communication is further optimised adopting the strategies
discussed in Section 5.2.3.

5.2.3 Communication

The reduce operation consists in summing contributions gathered from all the MPI
tasks in the memory of a target processor or GPU. This can introduce a significant
overhead even on a single node when the number of MPI tasks per node is large or the
problem size increases (see (Gheller et al., 2023) for details).

To reduce such overhead, we have adopted two different solutions. First, we sup-
port direct GPU-GPU communication, which allows 𝑖) exploiting the NVlink NVIDIA
high-speed interconnect within a node, 𝑖𝑖) avoiding the CPU-GPU data transfer nec-
essary for standard MPI communication. Second, we exploit MPI and OpenMP to
combine shared and distributed memory data access in order to 𝑖) optimise the ac-
cess to local data, 𝑖𝑖) minimise the number of MPI tasks and related message passing
communication overheads.
GPU-based Reduce. Direct GPU-GPU communication has been implemented by ex-
ploiting the NVLink high-speed interconnect for NVIDIA and InfinityFabric, the cor-
responding technology available for AMD architectures. NVLink is awire-based com-
munications protocol that can be used for data and control code transfers in processor
systems between CPUs and GPUs and solely between GPUs. The Leonardo Booster

5 https://fftw.org/doc/Distributed_002dmemory-FFTW-with-MPI.html
6 https://www.fftw.org/fftw3_doc/Combining-MPI-and-Threads.html
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https://www.fftw.org/fftw3_doc/Combining-MPI-and-Threads.html
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is equipped with NVLink 3.0, which provides a transfer rate of 50 Gbit/s and a band-
width per GPU of 600 GB/s.

We refer to NVIDIA Collective Communication Library (NCCL7) which imple-
ments the reduce operation as a ring intra-node, and an inter-node ring, when GPUs
assigned to themain tasks communicatewith RemoteDirectMemoryAccess (RDMA)
with GPUs in different nodes without passing through the CPUs (A. Li et al., 2019).
A similar solution can be adopted for AMD GPUs thanks to ROCm Collective Com-
munication Library (RCCL8), by simply replacing CUDA calls with HIP calls.
Hybrid CPU-based Reduce. To mitigate the impact of reduce operations, we have de-
signed a hybrid reduce technique which combines MPI and OpenMP parallelism and
exploits theNon-UniformMemoryAccess (NUMA) topology. This hybrid implemen-
tation works as follows: as first, two MPI communicators are built: 1) an intra-node
communicator, where only the MPI ranks pertaining to each computing node are in-
cluded and are ranked from 0 to 𝑃 − 1, with 𝑃 being the number of MPI ranks on
every node, 2) an inter-node communicator that groups all ranks 0 in the intra-node
communicators. In communicator 1, each MPI task knows its siblings and exchanges
data using shared-memory windows with a ring algorithm. Each MPI task spawns
two threads. Thread 1 is in charge of calling the shared-memory reduce function with
a ring fashion involving all the other tasks in the intra-node communicator with its
siblings, while thread 0 manages the MPI communications among the nodes. It is im-
portant to say that although each task needs at least two threads, only task 0 (i.e. the
master) is actually involved in the MPI communications. So in the current implemen-
tation all the other tasks spawn “silent” threads. In a future implementation we plan
to fully occupy the CPU cores with OpenMP and let all the threads participate to the
summation. When the shared-memory reduce is done, task 0 gathers the result: this
is the total summation in case of a single node run, and it is a partial summation in
multi-node cases. The partial sums on each node are finally added using an MPI Ire-
duce call among the tasks in communicator 2, resulting in the overall sum. Hereafter,
when we discuss results about hybrid MPI+OpenMP tests, we assume that the hybrid
reduce is used.

5.3 Performance Analysis

To evaluate the performance of RICK,we run a number of tests exploiting the Leonardo
HPC architecture, available at the CINECA supercomputing centre. The system in-
terconnect is a Nvidia Mellanox network, with Dragon Fly+, capable of a maximum
bandwidth of 200Gbit/s between each pair of nodes. The systems deploys a Lustre
parallel file system as working storage area. The source code has been compiled using
the GCC and the NVCC compilers and OpenMPI library v4.1.4. The only dependency
of the code is on the FFTW3 library. The Makefile requires only few adjustments of
7 https://developer.nvidia.com/nccl
8 https://rocm.docs.amd.com/projects/rccl/en/latest/
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LOFAR Dutch LOFAR ILT
RA 15:58:18.96 17:12:50.04
Dec +27.29.19.20 +64.03.10.60
Observation time 8 hrs 8 hrs
Integration time 4sec 4 sec
N. antennas 62 72
Bandwidth 1953.1 kHz 1953.1 kHz
Reference frequency 150.5 MHz 144.6 MHz
N. sub-band 1 1
N. of channels per sub-band 20 160
Channel width 97.656 kHz 12.207 kHz
Project code LC14_018 LT16_005
Principal Investigator F. Vazza A. Botteon

Table 5.1: Main characteristics of the LOFAR HBA datasets used for the Small (LOFAR Dutch) and
Intermediate/Large (LOFAR-ILT) configuration test.

several variables (e.g. the path to FFTW or to the CUDA libraries, the gridding kernel,
the enabling ofGPUs) to compile the code. The building procedure requires only a few
seconds. The GPU tests have been performed using CUDA version 12.1 and NVIDIA
HPC SDK version 23.11: this suite includes NCCL version 2.18.5, NVSHMEM version
2.10.1, and cuFFTMp version 11.0.14.

Three different input data configurations have been used for the tests, namely the
Small, Intermediate and Large, addressing different test sizes. The first can run on a
single CPU/GPU up to a small number of computing units. This allows for testing the
performance of each unit and comparing the scalingwithin a node and between nodes.
The second encompasses a number of intermediate computational configurations, that
can be frequently expected for radio astronomical data. The third focuses on extreme
cases, for which large images have to be generated and hundreds of computing units
are required to ensure that enough memory is available to manage the computational
mesh. The input data comes from two different radio measurement sets (MS) from
LOFAR 8 hours, dual inner mode, observations in high band antenna (HBA). One of
the MSs is only constituted by the Dutch stations (LOFAR Dutch), the other using the
full International LOFAR Telescope (LOFAR ILT). The main characteristics of the two
observations, together with the size of the computational mesh adopted in the three
test cases, are presented in Table 5.1 and 5.2. The dataset for the Small tests is a single
sub-band of 2MHz of the LOFARDutch observation at 150MHz. The Intermediate and
Large tests used instead the same LOFAR ILT MS, with the only difference residing in
the size of the computational mesh.

For each test, we report the following wall-clock time measurements related to
specific code components:

• the gridding time, which is the time required for the gridding operation on the
visibilities;

• the reduce time, related to the reduce operation;
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Small Intermediate Large
N. visibilities (approx) 0.54×109 47.05×109 47.05×109

Input data size (GB) 4.4 533 533
𝑁𝑢 = 𝑁𝑣 × 𝑁𝑤 40962×16 163842 × 32 655362×32
Mesh size (GB) 10.81 258.81 4098.81

Table 5.2: Configuration and computational mesh used in the Small, Intermediate and Large tests.
The mesh size takes into account the total amount of memory required for the real and imaginary part
depending on the size of the grid.

• the FFT time, which is the time required for inverse Fourier transform of the
gridded visibilities;

• the 𝑤-correction time, the last step of the code before writing the final outputs;
• the total parallel time, which is the total execution time of the code neglecting

the initial setup time, which involves mainly I/O data load operations and the
writing of the final image.

In order to assess the performance of the different code components, we have mea-
sured the wall-clock times they took to complete the different tests and we have dis-
cussed the best performance for each configuration. We have then analysed the code
scalability, that can be defined as the ability to handle more work as the size of the
computing system or of the application grows. Scalability has been assessed in terms
of strong andweak scaling. The formermeasures the performance of the code keeping
the data and themesh size constant and progressively increasing the adopted comput-
ing units. Ideally, the code execution time should scale linearly with the number of
computing units (i.e. the time should halve if the number of computing units dou-
bles). However, various factors can impact such an ideal behaviour, leading to a per-
formance degradation with increasing the number of units. Therefore, strong scala-
bility indicates the gain the user can expect increasing the number of computing units
working cooperatively.

The strong scalability can be measured by the speed-up parameter, calculated as

𝑆 =
𝑇1
𝑇𝑁

(5.1)

where 𝑇𝑁 is the wall clock time measured using 𝑁 computing units and 𝑇1 is the cor-
responding time measured using a baseline configuration (e.g. a single computing
unit).

In the case ofweak scalability, both the number of processing units and the problem
size are progressively increased, resulting in a constant memory and work load per
processing unit.

5.3.1 Code performance

In this section, we provide the results for each configuration to achieve the following
objectives: i) inform the user about the expected runtime of the code in various setups;
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Figure 5.1: Speed-up results for each step of the code for both full CPU and full GPU code, using Small
(top) and Intermediate (bottom) dataset. The dashed grey line represents the ideal scaling trend. For
the Intermediate test, the number of resources per node is of 4 MPI tasks and 8 OpenMP threads for the
full CPU and 4 GPUs and 8 OpenMP threads for the full GPU test.

Nodes MPI(threads) GPUs Gridding (s) Reduce (s) FFT (s) 𝑤-correction (s) Total (s)
Small CPU 4 16 (8) 0 0.304±0.001 4.351±0.002 0.676±0.028 0.179±0.028 5.636±0.039
Small GPU 4 16 (8) 16 0.104±0.001 0.207±0.001 0.615±0.04 0.010±0.001 1.187±0.048
Intermediate CPU 64 256 (8) 0 1.719±0.026 138.352±0.064 9.646±1.253 0.419±0.050 150.944±1.256
Intermediate GPU 32 128 (8) 0 1.244±0.026 10.132±0.436 1.803±0.058 0.021±0.001 15.965±0.440

Table 5.3: Best performance times for Small and Intermediate tests both full CPU and full GPU.

ii) compare the CPU and GPU time to solution. For each configuration, we showcase
the best possible result achieved by varying the number of processing units. The tim-
ings encompass all the various stages involved in processing the data, including the
time spent for communication and for a minor algorithmic component that has not
yet been parallelised. Data reading and writing is instead not addressed here. Ad-
ditional information on the single CPU/GPU performance can be found in (Gheller
et al., 2023).

Best performance is presented in Table 5.3 for the Small and Intermediate tests, while
for the Large test it corresponds to the set-up with 64 and 32 nodes for the CPU and
GPU cases respectively, reported in Table 5.4.

For the Small configuration the best result is obtained using 4 nodes for both the
CPU and the GPU tests. Both tests run with 4 MPI tasks per node, the former spawn-
ing 8 OpenMP threads per task, and latter assigning one GPU per MPI task. The total
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time to solution is around 5.6 seconds for the CPU setup. The GPU setup runs around
4.5 times faster, in about 1.2 seconds. The breakdown in the different algorithmic com-
ponents shows that gridding and 𝑤-correction are around 3 and 18 times faster on the
GPU respectively. The FFT times are instead comparable. The big difference emerge
for the MPI reduce time which is more than 20 times faster for the GPU setup. We will
discuss in details the impact of the reduce in the following sections.

The Intermediate configuration show the best performance on 64 and on 32 nodes
for the CPU and GPU setups respectively. Overall, the GPU setup takes around 16
seconds to complete, almost 10 times faster than the CPU one. In both setups the
majority of the time is spent in the reduce operation, while the FFT becomes much
faster on the GPU, thanks to the the parallel cuFFTMp implementation, much more
efficient than the hybrid FFTW.

For the Large tests, the GPU setup runs on 32 nodes around 150 times faster than
the CPU one, achieved on 64 nodes. Such result is mainly due to the huge difference in
the reduce time. Once more, a dedicated discussion on this aspect is provided below.
The breakdown shows that gridding times on GPU and CPU setups are similar, with
CPU time faster around 1.4 times than GPU one. We will discuss the reason of this
behaviour in the next section. The breakdown shows that FFT times on GPU setup are
much faster than in Intermediate tests, around 25 times compared to CPU setup.

5.3.2 Strong scaling tests

Strong scaling results are shown in Figure 5.1, where the speed-up is measured as
a function of the number of computing units for the Small and Intermediate configu-
rations. In Table 5.4 we report the execution times for the Large test. The tests have
been conducted on a progressively larger number of computing units, varying in a
range that depends on the test size. The minimum number of computing units is set
so that the problem can be fit within the available memory. The maximum number
of computing units is chosen to guarantee that the computing time is higher than the
communication time, with the exception of the Large test, which will be discussed sep-
arately

The Small tests have been performed using up to 4 nodeswith 4MPI tasks/node for
the MPI runs (up to 16 MPI tasks in total) or 4 GPUs/node for the GPU runs (with 1
MPI task associated to eachGPU),with 8OpenMP threads. Intermediate tests range be-
tween 4 and 128 nodes, with a fixed number of 8 OpenMP threads and 4MPI tasks (or
GPUs) per node. The Large tests required at least 32 nodes because of the large mem-
ory request. Computing resources increased progressively up to 128 nodes, which
means a total of 4096 MPI tasks for pure CPU runs or 512 GPUs for the CUDA runs.
Gridding time. For the GPU version of the gridding algorithm, the timings account
also for the offload time of visibilities and relative weights from CPU to GPU through
asynchronous memory copies. The gridding kernel is called iteratively, once per each
mesh sector (see (Gheller et al., 2023) for details), so we report here the sum of the
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times spent for each individual sector (namely the total gridding time).
For the Small tests, Figure 5.1 top panels, we first perform a baseline test using 1

MPI task and 8OpenMP threads. All the other CPU runs double each time the number
of MPI tasks, keeping 8 OpenMP threads per task. We notice the almost perfectly
linear scaling of the gridding over a single node, ranging from 1 to 4 MPI tasks. Since
each node has 4 GPUs, we have not explored other hybrid single node configurations
any further. The tests with 8 and 16 MPI tasks have been performed using 2 and 4
computing nodes, respectively, with 4 MPI tasks per node and 8 threads. The GPU
tests for the Small dataset show a good scaling starting from 1 GPU up to 16 GPUs
distributed again into 4 Leonardo booster nodes. GPUs result to be ≃ 2−3 times faster
than CPUs (see Table 5.3).

For the Intermediate strong scaling tests (Figure 5.1, lower panels), we measure the
speed-up of the hybrid MPI+OpenMP implementation for CPUs (bottom left panel),
observing that gridding scales almost ideally even up to 128 nodes. In this case a
thread synchronisation is needed because different threads of each MPI task have to
perform gridding in concurrent regions of the mesh. Anyway, in Intel CPUs, this
multi-threading synchronisation, which can lead to an overhead, does not impact on
the code performance and the algorithm scales linearly. For the GPU case (bottom
right panel), we observe that the gridding shows an ideal scaling only up to 16 nodes,
meaning that from 32 to 128 nodes the scaling is not linear anymore. This behaviour
appears also for the Large tests and itwill be discussed further at the end of this Section.

For the Large case (see Table 5.4), the CPU tests are pureMPI, running on 32, 64, 128
nodes with 1024, 2048, 4096 MPI tasks, respectively (meaning 32MPI tasks per node).
Gridding time scales linearly when we double the computing resources, due to the
fact that no communication overhead is included. For the GPU tests the gridding time
does not scale increasing the number of accelerators from 128 to 512, remaining ap-
proximately constant. This trend is similar to what was found in the Intermediate tests
when more than 16 nodes were used. This behaviour is due to the overhead related to
CUDA GPU memory management, and, more specifically, to repeatedcudaMalloc and
cudaFree calls that are implied by the iteration procedure through mesh sectors. At
each iteration, the GPU memory storing visibilities is allocated and deallocated, caus-
ing the observed overhead. The number of CUDA calls increases with the number of
sectors, which is equal to the number of MPI processes. With 2 GPUs these calls con-
tribute to ∼ 20% of the gridding time, while this number increases to ∼ 34% in the 4
GPUs case. When large number of resources are used, it dominates the entire gridding
time.
FFT time. While on the CPU the Fourier Transform is calculated using the FFTW,
on the GPU the cuFFTMp library is adopted. In the Small test (Figure 5.1, top right
panel), the speed-up shows a peculiar behaviour. Within a single node, the perfor-
mance worsens from 1 to 2 GPUs. This is because the FFT accounts for two distinct
contributions: plan creation and actual computation. Due to the small mesh size, the
plan creation contribution is comparable to computation causing the measured per-
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Nodes MPI tasks (threads per task) GPUs Gridding (s) Reduce (s) FFT (s) 𝑤-correction (s) Total (s)
32 1024 (1) 0 4.5 9631.4 160.6 7.2 10246.0

CPU tests 64 2048 (1) 0 1.9 9598.2 107.1 3.5 10153.5
128 4096 (1) 0 1.1 9715.8 98.4 1.7 10266.5
32 128 (8) 128 2.6 54.8 4.2 0.3 67.4

GPU tests 64 256 (8) 256 2.4 59.4 2.8 0.2 69.4
128 512 (8) 512 2.7 72.6 2.7 0.1 83.4

Table 5.4: Strong scaling results for each step of the code for Large test, which has a mesh size of
65, 536 × 65, 536 × 32 using LOFAR ILT dataset. Both full CPU and full GPU execution times in
seconds are shown, with increasing computational resources for each. For these measurements we did
not report the errors because multiple execution of this test would have consumed a large fraction of our
available computing time.

formance loss. From 2 to 4 GPUs the FFT scales linearly, exploiting the intra-node
NVLink high-speed interconnect. On multiple nodes the FFT performance drops due
to the progressively smaller problem size per GPU and the heavier communication
overhead associated with the all-to-all required by the Fast Fourier Transform. Simi-
larly, in the Intermediate case (Figure 5.1, bottom right panel) the FFT scales efficiently
up to 8 nodes, decreasing when a larger number of GPUs is increasingly used. In ad-
dition, the cuFFTMp has a startup time for initialising NVSHMEM and the 2D plan for
the Fourier transform. This startup time ranges from 0.5 s to 1.5 s for the Intermediate
test, increasing with the number of MPI tasks.

For the Small and Intermediate tests on the CPU (Figure 5.1, top left panel), the FFT
is computed through the hybrid FFTW MPI+OpenMP approach, keeping 8 OpenMP
threads for each combination of MPI tasks. This explains the lack of scaling from 1
to 2 MPI tasks, where communication arising from calling multiple tasks determines
an increase in the FFT time. The scaling is instead linear from 2 to 16 MPI tasks. In
the CPU Intermediate test (bottom left panel in Figure 5.1), the scaling is close to ideal
up to 16 nodes. In Figure 7 of (Gheller et al., 2023), it turns out that in the pure MPI
case the FFTW scaling reproduces the expected linear scaling up to ∼ 102 MPI tasks.
Here the hybrid MPI+OpenMP FFTW is used instead. This choice is due to the fact
that we have less GPUs than CPU cores in each node, and to use efficiently the entire
node OpenMP parallelization is unavoidable. Hybrid FFTW is faster than the MPI
one when less cores than available are utilised, but at least in these tests that we have
performed, the code scalability gets worse with 128 MPI tasks distributed among 32
nodes. Understanding this scaling of the FFTW with OpenMP requires a deep code’s
profiling and it is beyond the scope of this thesis.

For the Large case, in pure CPU tests the FFT’s performance improves by ∼ 60%
when passing from 32 to 64 nodes, while the performance gain is poor when passing
from 64 to 128 nodes. With such a large number of MPI tasks, all to all communication
dominates the runtime and the performance gain in the computation is almost com-
pletely suppressed. In the GPU tests, the FFT’s performance improves by ∼ 50% when
passing from 32 to 64 nodes, while the performance gain drops when using 128 nodes.
Again, this is due to the all-to-all communications and, at the same time, the progres-
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sively lower computation related to an increasingly larger amount of MPI processes.
𝑤-correction time Strong scaling tests of the 𝑤-correction reveal that the code scales
almost linearly both for the Small, hybrid MPI+OpenMP, CPU tests and for the Inter-
mediate, pure MPI, CPU tests. The same holds for GPUs, for which this step is im-
plemented within a CUDA kernel. For this algorithm GPUs are more than order of
magnitude faster than CPUs. In the Large tests, 𝑤-correction time keeps scaling lin-
early in both CPU and GPU tests. In particular, this kernel turns out to run efficiently
on GPUs, there existing a factor of ∼ 20 on average in runtime between CPU and GPU
tests. 𝑤-correction is performed directly on the grid which has already been mapped
on GPUs, such that no unnecessary memory management is needed.
Full code Overall, RICK shows a sub-linear scalability in both the Small and Inter-
mediate configurations, both for the CPU and the GPU tests. As already pointed out
above, such behaviour can be mainly ascribed to the impact on the code of the reduce
related overhead and is also evident from the figures presented in Table 5.4. Addi-
tional factors, like the progressively smaller amount of data to process as the number
of computing units grows, affect in particular the GPU runs.

5.3.3 Weak scaling tests

Figure 5.2: Results for the weak scaling tests for each step of the code. From the top left corner, clockwise,
results are shown for the gridding, FFT, 𝑤-correction, and total. The full CPU execution is shown in
blue, while in green the full GPU enabling of the code. The horizontal dashed grey line represents the
ideal weak scaling of the code. For each run 8 OpenMP threads were spawned.

Weak scaling tests have been performed using the LOFAR Dutch dataset over 1,
2, 4 and 8 computing nodes, instancing 4 MPI tasks per node and doubling at each
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step both the input size data and the number of 𝑤 planes. For each configuration,
8 OpenMP threads per MPI task have been spawned. In Figure 5.2, we present the
runtime normalised to that of a single node (adopted as reference) of the different
parts of the code and of the full code. Ideal weak scaling would result in a value of 1
regardless of the number of nodes.

Gridding, top-left panel, shows an almost ideal weak scalability for both the CPU
and the GPU tests, with performance slightly improving increasing the number of
nodes from 1 to 2 and showing small fluctuations for 4 and 8 nodes. The FFT weak
scaling is presented in the top right panel. The hybrid MPI+OpenMP FFTW3 scales
almost ideally from 1 to 4 nodes. On 8 nodes, the performance loss can be attributed
to the impact of the all-to-all communication. For the GPU, cuFFTMp based tests, a
significant performance drop is observed when the number of nodes increases from
1 to 2. This is mainly due to the switch from the intra-node high-speed NVlink inter-
connect to the lower bandwidth Infiniband network connecting different nodes. From
2 to 8 nodes, the performance is also worsening. This can be explained as a result of
the way the weak scaling test is designed, maintaining constant the grid dimension
and doubling at each step the number of 𝑤-planes. This increases the number of FFTs
performed by the algorithm. However, the amount of computation per FFT that is
performed by each GPU decreases with increasing the number of GPUs, leading to a
computing efficiency loss, reflected by the weak scaling curve.

In the bottom-left panel, the weak scaling of the 𝑤-correction term is presented.
The weak scaling for the CPU is nearly optimal, whereas in the case of the GPU, per-
formance tends to increase significantly as the number of nodes grows. This behaviour
can be interpreted as a consequence of the decreasing volume of data transferred from
the GPU to the CPU as the number of GPUs increases. Specifically, when the number
of GPUs is doubled, the portion of the image that needs to be copied back to the host
halves. This has a positive impact on the time needed to transfer data between the
device and the host.

When considering the overall scalability of the code, GPUs exhibit just a small re-
duction in efficiency as the number of nodes increases. In the case of the CPU instead,
the deviation from the optimal scaling is evident. Once more, the efficiency loss is
mainly due to the effect of the reduce, as we will discuss in the next section.

5.4 Discussion

The primary goal of the RICK code is to efficiently process huge datasets and generate
large images in a reasonable time scale, of the order of seconds or minutes. In the tests
provided, we utilised datasets with visibilities of up to 533 GB in size. Nevertheless,
datasets of any size can be easily managed by splitting them into frequencies or time
chunks. Chunks can be loaded sequentially, as described in (Gheller et al., 2024). This
also enables to reserve an appropriate fraction ofmemory for the computational mesh.

By employing an appropriate number of processing units, we have successfully
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generated images with a resolution of 65, 5362 pixels. Utilising GPUs significantly en-
hances the performance of all code components, resulting in a considerable decrease
in the time to solution. In particular, the exploitation of the cuFFTMp library reduces
the impact of the Fourier Transform step. The corresponding computing time gain
can range from one to two orders of magnitude compared to the FFTW CPU-only ap-
proach, depending on the scale of the problem. The current implementation of the
library is highly efficient within a single node, taking advantage of the NVlink inter-
connect. However, its scalability is limited when multiple nodes are used due to the
slower network and the use of the NVSHMEM protocol. In the case of the FFT, this
protocol does not seem to offer optimal scaling on a large number of GPUs, unlike
other solutions such as NCCL, which is used for the gridding part. In all the CPU
tests, the hybrid MPI+OpenMP version of the FFTW ensures good scalability. How-
ever, a slight performance loss is found in a few configurations. This cannot be easily
explained, but it is interesting noting that this issue has not been observed using the
MPI-only version of the library.

Our tests have demonstrated that, when the problem size and computational setup
are increased, the code’s performance and scalability are significantly impacted by
MPI communication. In addition to the parallel FFT, communication is performed by
the reduce operations required to collect and add up themesh data from all computing
units during the gridding step. This last contribution tends to to dominate increasing
the number of computing units. The remainder of this Section discusses the details of
this aspect.

Visibilities are read evenly in parallel from an input data file in a time-log order,
i.e. if we are dealing with an 8 hours observation and 𝑁 = 8, each MPI task reads data
for one hour of observation. Conversely, the Cartesian computational mesh, where
visibilities are gridded, is divided into rectangular slabs in the 𝑢-𝑣 plane. Each slab
is allocated to a distinct MPI task. Therefore, it is necessary to convert time-ordered
into space-ordered data. To achieve this, the code iterates through the slabs. During
each iteration 𝑖, each MPI task simultaneously computes its contribution to the 𝑖-th
slab. Then, each MPI task stores its local contribution in an auxiliary buffer. Once
local contributions are computed, they are summed together on a target buffer located
on the 𝑖-th MPI task. Data collection and aggregation are achieved using an MPI re-
duction operation, which combines both communication (collecting data from several
sources) and computation (calculating the sum of all contributions). As discussed in
(Gheller et al., 2023), for large images the code spends 80 − 90% of the total runtime
in the reduce operation, when the reduce operation was implemented with standard
Ireduce from OpenMPI library.

The overhead introduced in the code by the reduction operation depends on sev-
eral factors, namely: i) the amount of data communicated among theMPI tasks; ii) the
number of MPI reduce calls iii); the amount of computation required to perform the
sum; iv) the network topology. These factors are interconnected. During our iterative
procedure, the number of iterations over slabs is equal to 𝑁 . Each MPI task performs
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a reduce at every iteration, hence the theoretical reduce time 𝑇R can be estimated as
the sum of the communication (𝑇𝑐𝑜𝑚𝑚) and the calculation (𝑇𝑐𝑜𝑚𝑝) times. For the CPU
implementation, using the OpenMPI library, 𝑇R can be calculated as in Equation 2.1:

𝑇𝑅𝑒𝑑𝑢𝑐𝑒 = (𝑇𝑐𝑜𝑚𝑚 + 𝑇𝑐𝑜𝑚𝑝) × 𝑁
=
(
𝛽
𝐷
𝑁

+ 𝜆 log𝑁
)
× 𝑁 +

(𝐷
𝑁
𝑡𝑠𝑢𝑚

)
× 𝑁

= (𝛽 + 𝑡𝑠𝑢𝑚)𝐷 + 𝜆𝑁 log𝑁

(5.2)

Where 𝐷 is the total size of the data, 𝛽 quantifies the bandwidth and the network
topology, 𝜆 is the network latency, and 𝑡sum is the time required for a single summation
operation. The logarithmic term is due to the logarithmic tree algorithm used by the
OpenMPI reduce.

The reduce time is then composed by two terms: the first depends on the data size
and on 𝛽, while the second on the number of MPI processes. The latency term 𝜆 is
generally very low (≤ 0.6 𝜇s). In the strong scaling case, in which 𝐷 is maintained
constant increasing the number of MPI tasks, the first term is dominant on the sec-
ond because of the low latency: for this reason, we observe a constant reduce time
(Figure 5.3, top panel). Only once we use a considerably large 𝑁 , e.g. over 128 MPI
tasks (as reported in the top panel of Figure 5.3), we start to observe an increase in
the reduce time: however, such increase is not due to the processes themselves, but
rather to the network topology, because of the non-ideal interconnection between the
nodes and to the impact of the latency term. For the weak scaling, instead, we have 𝐷
that increases as well as 𝑁 . The first term is still dominating, and for this reason we
observe a reduce time which increases linearly with the data size (Figure 5.3, bottom
panel).

The GPU implementation exploits the NCCL library, that implements a ring algo-
rithm for the reduce: this means that 𝑇R can be written as in Equation 2.3:

𝑇𝑅𝑒𝑑𝑢𝑐𝑒 = (𝛽 + 𝑡𝑠𝑢𝑚)𝐷 + 𝜆𝑁2 (5.3)

Due to the quadratic dependency from 𝑁 , latency becomes non-negligible using a
smaller amount of processes. For example, OpenMPI would necessitate 100,000 MPI
tasks to produce a latency of 1 second, whereas the NCCL would require only 1,000
MPI tasks. On the other hand, GPUs are capable of completing the sum operation
much faster than the CPUs, because of their large computational throughput, about
two order of magnitude larger than that of the CPU. This results in a considerably
smaller 𝑡sum, that contributes in reducing theNCCL reduce time. In addition theNCCL
reduce performs better than the MPI one due to i) the high-speed NVlink intercon-
nection for intra-node GPU-GPU communication, ii) the number of network interface
cards (NIC) that equals the number of accelerators per node, leading to a bandwidth
4 times bigger than pure CPU cases. Overall we see that the the reduce operation is
about 20 times faster on the GPU for the Small test (see Table 5.3) and up to ×175 faster
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for the Large tests (see Table 5.4).
Table 5.4 also shows that the MPI Ireduce time remains constant scaling from 32

to 64 to 128 computing nodes. This has a progressively greater impact on the code
compared to the more computationally intensive components of the algorithm. The
GPU reduce time tends even to increase with the number of nodes. However, it is
two orders of magnitude lower than that of the CPU. In both scenarios, increasing the
number of nodes does not result in any improvement in speed, and in the case of the
GPU, it actually leads to a decrease in performance.

However, it is extensively noted in Table 5.4 that it’s possible to impact on the re-
duce algorithm and implementation (see Chapter 2 and Chapter 3), but it’s not pos-
sible to impact on the code scalability, since MPI Reduce in this specific code involves
an all-to-all, and the best we can achieve is a flat behaviour by increasing the num-
ber of processes. When 𝑁 is low, computation-to-communication ratio is higher and
the code is still compute-bound, this leads to the scaling observed in Small and Inter-
mediate tests, but when 𝑁 becomes high, and this is the case when many computing
nodes are to be used due to large problems’ memory requests, there is a turn-around
point at which computation-to-communication ratio becomes lower than one, and in
this case the best that can be achieved is the reduce constancy, from the theoretical
point of view. We investigated several strategies to avoid the reduce utilization, like
the possibility to distribute visibilities in space-order among the MPI processes before
the gridding operation, when data are still point-like. However, without a grid, it be-
comes essential to introduce a sorting algorithm which arranges visibility according
to their 𝑣 coordinate. After all, MPI processes need data exchanges involving again an
MPI all-to-all communication, since data pertaining to each task will be spread among
all the others. A first check led us to abandon this idea since the overhead of the sorting
algorithm plus the the MPI all-to-all communication is greater than the MPI Reduce
on the whole grid.

In general, in all test regimes the code runtime is strongly impacted by the reduce
operation. In order to exploit with the maximum efficiency the available computing
systems, it is crucial to select an hardware configuration that has the fewest computing
units necessary to meet the memory needs. This also results in saving energy, since
the problem is solved in approximately the same amount of time by while using less
computational resources.

5.5 Conclusions

In this chapter we studied the RICK scalability in both intra-node and inter-node tests.
Our main achievements can be summarised as follows.

• Starting from the code presented in (Gheller et al., 2023), we managed to com-
plete the full GPU porting of the code, including the FFT operation and the com-
munication. Currently the code is capable of fully running on NVIDIA GPUs:
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this minimises data movement between CPU and GPU and avoids overheads
related to the CPU communication, exploiting the full potential of the GPU en-
abling.

• For the reduce operation we present an implementation for GPUs based on the
NVIDIA NCCL library, which uses, where possible, high-speed interconnectiv-
ity. Moreover, we introduced an hybrid approach MPI+OpenMP to the reduce
problem which has been used here for testing but will be detailed in a future
paper.

• The FFT is instead accelerated using the cuFFTMp library of the NVIDIA HPC-
SDK toolkit: with this the FFT problem can be distributed amongmultiple GPUs,
which is critical considering the large volume of data processed compared to the
memory of the devices. To exploit the full CPU computational capacity of a node
we also tested a hybrid FFTW,which combinesMPI tasks with OpenMP threads,
which has a better scalability compared to the sole MPI FFTW thanks to a reduce
communication surface.

• We tested performance and scalability of the code on Leonardo HPC cluster at
CINECA (Italy), with tests on strong and weak scaling of every step that con-
stitute our code using real LOFAR data (also comprehending International sta-
tions). Comparing our full-GPU code with the full-CPU, we observe a gain in
total runtime of a factor ×9 for the Small and Intermediate dataset configuration
within a single node, and up to ∼ ×130 for the Large configuration over a large
number of nodes.

• Thanks to GPU offloading, our code’s computational costs have been greatly re-
duced. The runtime is nowmainly affected by communication. To fully leverage
the improved capabilities of this implementation, it is essential to select a com-
putational setup thatmatch the problem size and andminimises communication
as much as possible.

Overall, RICK stands out as an innovative radio imaging software that fully utilises
GPUs, making it a promising solution for the future software suites for processing big
radio astronomical data, such as those expected for the SKA. Future advancements
will focus on optimising communication and providing full support for parallel I/O
in radio astronomy measurement sets.
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Figure 5.3: Time results for the reduce operation versus the number of MPI tasks or GPUs for the
Intermediate strong scaling test (top panel), and the weak scaling test (bottom panel). Comparison
between the OpenMPI Ireduce (in pink) and NCCL GPU reduce (in brown).
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6
RICK ENERGY EFFICIENCY TESTS

6.1 Introduction

From the point of view of energy-to-solution, the task of code’s efficiency becomes
more challenging by considering that current pre-exascale HPC systems consume tens
of 𝑀𝑊 , running under full workload, and it is easy to understand that this trend
will become unsustainable in the near future when several exascale machines will be
available. The energy efficiency of HPC platforms is measured as energy efficiency =

𝐺𝐹𝑙𝑜𝑝𝑠/𝑊 , i.e. billions of floating point operations per watt, and is classified in the
Green5001 list. In this chapter we study various CPU only and accelerated solutions
in order to determine optimal configurations in terms of both time-to-solution and
energy-to-solution for radio astronomy.
The chapter is organized as follows: in Section 6.2 we will discuss the code’s imple-
mentations, in Section 6.3 we will define the green productivity and its relevance for
our code. Experimental setup will be introduced and in Section 6.4. Tests performed
in single-node will be presented and discussed in Section 6.5, whereas Section 6.6 will
be devoted to multi-node tests. Conclusions will be drawn in Section 6.7.

6.2 Code implementations

The code is written in C, with C++ extensions just to add the CUDA/HIP support
for GPUs. One of the goals of this code is the portability, in order to run on different
architectures. In this section we will discuss the three implementations that have been
tested in this work. We have a pure MPI implementation, an hybrid MPI+OpenMP
implementation and a MPI+CUDA/HIP implementation to use GPUs.
As shown in Figure 2.9 RICK performs the five algorithmic steps described above and
can be run both in serial and in parallel. Of course the scale of SKA imaging necessi-
tates massively parallel systems, so hereafter we will only consider the parallel imple-
mentations of the code.
Reading data from the filesystem is done in parallel, but the current implementation
1 https://top500.org/lists/green500/list/2024/06/
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has also the possibility to handle datasets of any size even on a single node, because
they can be easily managed by splitting stacked visibility data, i.e. large input data can
contain visibilities from observations at different frequencies, into frequencies or time
chunks. Instead of loading all the data at once, data coming from different frequencies
are assigned to a chunk. Chunks can be loaded sequentially, as described in (Gheller
et al., 2024). This also enables to reserve an appropriate fraction of memory for the
computational mesh.

Data are initially distributed in time-log order, i.e. if input data come from 8 hours
of observations and 8MPI tasks are used, task 0 will read the first hour of observation,
task 1 will read the second hour and so on. This does not require that each observa-
tion actually needs to be of the same length but interpretation of the time stacking does
help if each observation is roughly the same. In order to reconstruct the sky image,
each MPI task processes single sectors in the u-v plane, necessitating a transformation
from time-log order to space-log order. In time-log order input, each task has visibil-
ities pertaining to all the other ones, and MPI communication is unavoidable. When
visibilities in each sector are gridded, an MPI Reduce operation is performed on the
grid with target the MPI task that owns the sector.

6.2.1 MPI implementation

In theMPI implementation one assigns anMPI task to each of the available CPU cores.
This means that the five algorithmic steps performed by the code are fully distributed
among all theMPI processes. There are asmany sectors asMPI tasks and consequently
the same number of reduce operation is needed, leading to a communication overhead
(see (Gheller et al., 2023) and (De Rubeis et al., 2024)).
Communication has been largely discussed in Section 5.4 and in Section 5 of (De
Rubeis et al., 2024), so a detailed treatment is beyond the scope of this chapter. In
this pure MPI case, we’ve used the standard MPI Reduce, available in every MPI im-
plementation.

6.2.2 Hybrid MPI/OpenMP implementation

To mitigate the impact of MPI communication, it became essential to include in our
code a hybrid parallelization with MPI and OpenMP. The hybrid implementation re-
duces the communication impact by diminishing the number of MPI Reduce calls and
reduces the communication surface because MPI Reduce involves less MPI processes.
Furthermore, we have designed a hybrid technique combining MPI and OpenMP and
exploiting Non-Uniform Memory Access (NUMA) topology. It works as follows: as
first, two MPI communicators are built:

1. An intra-node communicator, where only theMPI ranks pertaining to each com-
puting node are included and are ranked from 0 to 𝑃−1, with 𝑃 being the number
of MPI ranks on every node. When multi-socket nodes or when multi-NUMA
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regions CPUs are available, MPI processes are automatically assigned to each
NUMA region in a round-robin fashion.

2. An inter-node communicator that groups all ranks 0 (which are the node mas-
ters) in the intra-node communicators.

In communicator 1, every rank knows about all other ranks in a given communicator
so rank 𝑖 will communicate to rank 𝑖 + 1 in a ring with 𝑃 → 0. Each MPI task spawns
two threads. Thread 1 is in charge of calling the ring shared-memory reduce function
involving all the other tasks in the intra-node communicator, while thread 0 manages
the MPI communications among the nodes. It is important to say that although each
task needs at least two threads, only task 0 is actually involved in inter-nodeMPI com-
munications. So in the current implementation all the other tasks spawn idle threads.
The reduce operation in one node is in shared-memory because MPI shared windows
are used to create direct memory access channels between the MPI tasks in the same
communicator. When the shared-memory reduce is done, task 0 (i.e the master) gath-
ers the result: this is the total summation in case of a single node run, and it is a
partial summation when there are multi-nodes. In this work hybrid tests have been
performed on just one node. How the reduce is handled in multi-node cases is dis-
cussed in Section 5.2.3 and in Section 3.3 of (De Rubeis et al., 2024).

6.2.3 GPU implementation

To fully exploit the computing power of accelerators we have designed a GPU imple-
mentation of the code which performs three main steps of the algorithm directly on
the accelerators: gridding, reduce, 𝑤-correction. Grid is allocated on the GPU mem-
ory at the beginning, whereas visibilities are loaded on the device in each sector, then
the gridding function is turned to a gridding kernel which maps visibilities on the 2D
mesh. After this step, the gridded data are entirely present in the GPU memory, such
that directGPU-GPUcommunication can be performedwithout transferring data back
to the host. GPU-GPU communication is performed on AMD GPUs with the ROCm
Collective Communication Library (RCCL2), which implements the reduce operation
as a ring intra-node, and an inter-node ring, where GPUs assigned to the MPI tasks
communicate with Remote Direct Memory Access (RDMA) with GPUs in different
nodes without passing through the CPUs (A. Li et al., 2019; Sensi et al., 2024). Fast
Fourier Transform is still computed on the CPU because there is no available imple-
mentation for AMD GPUs yet.

6.3 Green productivity

The goal of this work is to find the best trade-off in the code’s energy efficiency and
performance when more computing resources/different configurations are used. However

2 https://rocm.docs.amd.com/projects/rccl/en/latest/

https://rocm.docs.amd.com/projects/rccl/en/latest/
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we considered that although is easy to measure either when a code is faster or less
energy consuming, it is not trivial to find a physical quantity that relates the energy
consumption with the runtime in a meaningful way. This led us to the introduction of
the green productivity. It has the following definition:

𝐺𝑃 =
𝑇0/𝑇𝑁
𝛼𝐸𝑁/𝐸0

(6.1)

Here 𝑇0 and 𝐸0 are runtime and energy consumption of a reference configuration, re-
spectively. Clearly, when the same code implementation is being tested and the only
thing changing is the number of computing resources, the quantity at the numerator is
simply the speedup in a strong/weak scaling test. 𝛼 is a weight factor which changes
depending onwhat we consider more important among performance and energy con-
sumption. In this work we treated them with the same importance and chose 𝛼 = 1.

6.4 Experimental setup

In this Section we present and discuss the different tests with the corresponding re-
sults. We focused on three different code’s implementations, i.e. pure MPI, hybrid
MPI+OpenMP and MPI+HIP. We relied on the SLURM (Simple Linux Utility for Re-
source Management) energy counters for the energy measurements in both CPU only
and CPU+GPU tests.
With these counters, the energy consumption of the entire job is measured, apart from
I/O andmemory accesses, even though the energy consumed is still impacted by time
spent doing IO. Here we have focused on the total energy consumption of the whole
code. Other libraries, like PAPI3, permit the energy profiling of codes’ functions with
internal calls.

Input data in our tests come from 8 hour observations from the LOFAR HBA Inner
Station at different frequency channels, with each channel using ∼ 4.4𝐺𝐵 of storage.
We stacked two out of these datasets for the Single-node tests and 18 of them for the
Multi-node tests. Details on memory occupancy are shown in Table 6.1.
The tests have been run on the Setonix-CPU and Setonix-GPU machines available at
the Pawsey Supercomputing Research Centre (PSC) in Perth (WA). Setonix-GPU is
ranked as 28𝑡ℎ in the June 2024 Top500 list and 10𝑡ℎ in the June 2024 Green500 list.
CPU partition is made of 1088 computing nodes equipped with 2 × AMD EPYC 7763
”Milan” 64 cores; GPU partition is made of 154 computing nodes equipped with 1
× AMD optimised 3rd Gen EPYC ”Trento” 64 cores and 8 GCDs (from 4x ”AMD
MI250X” cards, each card with 2 GCDs), 128 GB HBM2e. CPU-GPU and GPU-GPU
interconnections inside each node are guaranteed by the InfinityFabric technology.
For node-node connections, both partitions have Slingshot interconnections. In all the

3 https://github.com/icl-utk-edu/papi

https://github.com/icl-utk-edu/papi
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Single-node Multi-node
N. visibilities (approx) 1.08×109 9.72×109

Input data size (GB) 8.8 78
𝑁𝑢 × 𝑁𝑣 × 𝑁𝑤 40962×64 163842 × 24
Mesh size (GB) 43.24 194.11

Table 6.1: Configuration and computational mesh used in the Single-node and Multi-node tests. The
mesh size takes into account the total amount of memory required for the real and imaginary part de-
pending on the size of the grid.

tests the code has been compiled with clang-164 and MPICH5 implementation has
been utilized.

6.5 Single-node tests

Here we show the results for several CPU hybrid MPI+OpenMP configurations and
the CPU+GPU configuration referred to the pure MPI run. As we mentioned in Sec-
tion 2, the pure MPI tests utilize the standard MPI Reduce function deployed by the
MPI library, whereas MPI+OpenMP tests utilize our hybrid reduce implementation
and GPU tests utilize RCCL reduce implementation. In Table 6.2, we show the results
for the pure MPI test, the best configuration for the hybrid MPI+OpenMP test and
CPU+GPU test. Results are averages and standard deviations over four runs for each
configuration. The hybrid implementation is 4 times faster and 3.3 times more green
than the pureMPI run, while GPU implementation is 8.2 times faster and 3 timesmore
green than pureMPI. Themain difference is in the reduce operation, which is 20 and 40
times faster for the hybrid and GPU implementation compared to MPI, respectively.
The performance difference in FFTW in GPU runs is due to the fact that it’s still on
the CPU and no OpenMP threadization is active for this test. Pure MPI tests are the
fastest in gridding time, even when comparing them to GPU tests. This behaviour
is due to the overhead related to HIP GPU memory management, and, more specifi-
cally, to repeated hipMalloc and hipFree calls that are implied by the iteration procedure
through mesh sectors, as discussed in (De Rubeis et al., 2024). However, in order to
understand which configuration is actually the most efficient we show in Figure 6.1
the green productivity, where 𝑇0 and 𝐸0 in Equation 6.1 are 𝑇𝑀𝑃𝐼 and 𝐸𝑀𝑃𝐼 . We notice
that the hybrid implementation with 16 MPI tasks spawning 8 OpenMP threads each
and the CPU+GPU configuration turn out to have a similar green productivity.

We can make the following considerations: 1) when the green productivity is al-
most the same it’s up to the user whether to choose the fastest or the most green con-
figuration; 2) it is important to add that, at least at the Setonix machine, asking for
GPUs requires 8 times more core hours. For this reason, when a problem does fit in a
single node, we found that the best solution is the hybrid one.

4 https://releases.llvm.org/16.0.0/tools/clang/docs/ReleaseNotes.html
5 https://docs.nersc.gov/development/programming-models/mpi/cray-mpich/

https://releases.llvm.org/16.0.0/tools/clang/docs/ReleaseNotes.html
https://docs.nersc.gov/development/programming-models/mpi/cray-mpich/
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MPI Best MPI/OMP GPU
Energy (KJ) 60.8375 ± 2.6709 18.3325 ± 0.2175 20.2325 ± 0.3790
Total time (sec) 95.9533 ± 0.1560 24.4133 ± 1.7793 11.7309 ± 0.0446
Gridding time (sec) 0.6624 ± 0.0013 1.5677 ± 0.0183 1.0925 ± 0.0001
Reduce time (sec) 84.3082 ± 0.1399 4.3494 ± 0.0054 2.0065 ± 0.0118
FFTW time (sec) 1.1941 ± 0.0982 1.8458 ± 0.0561 4.8540 ± 0.0205
𝑤-corr. time (sec) 0.4039 ± 0.0007 0.5201 ± 0.0073 0.1112 ± 0.0003

Table 6.2: Total energy and runtimes for the relevant code portions in the MPI, MPI+OpenMP and
GPU cases respectively. Here we report averages and standard deviations over four runs each.
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Figure 6.1: Green productivity referred to the pure MPI run of the different hybrid MPI+OpenMP
configurations and CPU+GPU.

6.6 Multi-node tests

This section will be devoted to the tests with the large input data and grid size in-
volving many computing nodes. These are strong scalability tests, to understand the
memory imprint of the code compared to the computational part. We will investigate
energy-to-solution and time-to-solution of pureCPUandCPU+GPUconfiguration. In
the end we will study the green productivity referred to the lowest resources solution
for each configuration.

6.6.1 CPU tests

Here we discuss the results for the CPU tests. We have chosen a combination of input
data and grid size that doesn’t fit in a single node, in order to include network traffic
related to IO operations using the Lustre filesystem, which does impact on the reduce
operation. We have done a strong scalability test with 2 nodes (256MPI tasks), 4 nodes
(512 MPI tasks), 8 nodes (1024 MPI tasks), 16 nodes (2048 MPI tasks), 32 nodes (4096
MPI tasks). We argued that multiple reduce calls are required by the code, especially
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in pureMPI runs. This means that the code is expected to be strongly memory-bound.
To study the memory imprint and the energy-to-solution in the code, we have run
RICK under the same dataset and grid size configurations, but modifying at each step
the CPU frequency. In particular, Setonix-CPU allows to select:

• Default frequency: The frequency is established by the OS depending on the
computing demand of the specific code function. It changes during the code
execution but profiling reveals that it remains close to the highest CPU frequency
achievable.

• High frequency: The highest frequency achievable from theCPU,which is 2.60𝐺𝐻𝑧.
• Medium frequency: The CPU frequency is set to 2.00𝐺𝐻𝑧.
• Low frequency: The CPU frequency is set to 1.50𝐺𝐻𝑧.

We show in Figure 6.2 the fraction of runtime spent in the reduce operation as a
function of the number of computing nodes, by changing the CPU frequency. We no-
tice that this fraction increaseswith the number of nodes, eventually saturating around
∼ 95 − 96% in all the configurations. In this case, when the reduce impact dominates
the runtime, it makes sense to diminish the CPU frequency because the actual com-
putational part is almost negligible. In this test, the pure MPI configuration has been
used, and noMPI+OpenMP test is available. Indeed, the hybrid code implementation
would have been diminished the communication surface and, as a consequence, the
reduce runtime fraction in Figure 6.2.

The lack of the MPI+OpenMP test is due to the following shortcomings:

• Problem size and buffer limitations: The hybrid reduce relies on the MPI Ire-
duce, i.e. the non-blocking MPI Reduce function, for node-node communica-
tions through the network. However, partial results are collected by node’s mas-
ter, which then performs the MPI communication with the other masters. If
the problem size is too large the master rank cannot allocate such a huge buffer
needed by the Ireduce implementation, resulting in a code crash. This has been
a problem for the strong scalability test, especially when the number of comput-
ing nodes is low. Filling all the available cores with MPI allows each process to
allocate smaller and smaller buffers when the problem size is fixed. Running the
code with a small grid would have been outside the scope of this paper since no
relevant scalability test could have been done and the arithmetic intensity of the
code would have been reduced as well.

• Lack of inter-node hybrid reduce: The current implementation of the hybrid
reduce is optimized for intra-node only. The implementation of a ring reduce
among the masters of each node is under development, and avoids the buffer-
ization problem discussed above by utilizing MPI shared windows and MPI
Put/Get functions. The main difficulty happens again for large problem sizes,
since the entire communication cannot be performed all at once and data need to
be split in chunks to be shared one-by-one. This requires several MPI Win Flush
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calls, which currently introduce bottlenecks and sometimes to code hangs. In a
future work we plan to fix this bugs and perform MPI+OpenMP CPU tests for
node-node configurations as well.

In the left panel of Figure 6.3 we show the fraction of energy savings when we
compare the default, medium and low frequencies to the highest frequency, as a func-
tion of the computing resources. We notice that default and high frequencies have
approximately the same energy consumption, with small oscillations which anyway
do not exceed 5%. It is more interesting what happens when we set the medium and
low frequencies, because we reach up an energy saving of 25% and 30% when com-
pared to the highest frequency, respectively. The right panel of Figure 6.3 shows the
performance degradation which does happen when we change the CPU frequency.
When we set the default frequency, we notice that the code is slower by 2 − 4% with
some oscillations meaning that in certain code portions the OS sets up the default fre-
quency to the maximum frequency. For the medium and low frequencies, we find a
performance degradation of 4 − 5% and 8 − 10% on average, respectively. Thus we
have around 5 times more energy saving than performance degradation in percentage
when we set the medium CPU frequency and around 3 times when we set the lowest
CPU frequency.

6.6.2 GPU tests

We have done tests with 4, 8 and 16 GPU nodes, equipped with 32, 64 and 128 acceler-
ators, respectively. In the following tests gridding, reduce and 𝑤-correction have been
done on GPUs, while the FFT is still performed with the FFTW on CPUs. In the left
panel of Figure 6.4 we show the ratio between the energy consumed by the pure CPU
tests and the energy consumed by the CPU+GPU tests, the latter being 6−7 timesmore
green than the former with high/default frequencies and 4− 5 times more green with
medium/low frequencies. In the right panel of Figure 6.4 we show the ratio between
the pure CPU tests’ runtime and CPU+GPU tests’ runtime, the latter being faster by a
factor 9−11 for high/default frequencies and a factor 10−12 for medium/low frequen-
cies. For these Multi-node tests GPUs turn out to be definitely the best choice because
they’re better in both energy saving and performance.

6.6.3 Green productivity

In Figure 6.5 we plot the green productivity of each specific configuration compared
to its lowest node one, in this case 𝑋0 = 𝑋2 where 𝑋 can be both 𝑇 and 𝐸. Because the
code is memory-bound, in strong scalability tests increasing the computing resources
does not lead to a speedup. Sometimes the performance becomesworse because of the
communication overhead due to the increase of reduce calls. The best configuration
in the one with the highest green productivity, which in this case always corresponds
to the lowest node configuration. However, in pure CPU cases green productivity



6.7. Conclusions 115

5 10 15 20 25 30
# computing nodes

0.88

0.90

0.92

0.94

0.96

T R
ED
/T
TO

T

CPU freq. = Default
CPU freq. = High
CPU freq. = Medium
CPU freq. = Low

Figure 6.2: Fraction of runtime spent in the reduce operation as a function of the number of computing
nodes, for different CPU frequencies.

drops much steeper even by moving from 2 to 4 nodes, whereas for GPUs it remains
roughly constant when passing from 4 to 8 nodes. The sudden drop happening with
16 GPU nodes is explained by considering that when more and more accelerators are
used by keeping the problem size constant, the gridding time stops scaling, again for
overheads in HIP GPU memory management, as turned out in the discussion about
Single-node tests.

6.7 Conclusions

The results discussed in the previous Section show that finding the configuration to
achieve the best compromise between time-to-solution and energy-to-solution is not
trivial. In RICK, it does depend on both data structures and the number of computing
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Figure 6.3: Left: energy saving compared to the highest CPU frequency for default (blue), medium (or-
ange), low (green) CPU frequencies as a function of computing nodes. Right: performance degradation
of default, medium and low CPU frequencies compared to the highest CPU frequency as a function of
computing nodes.

resources used.
Our results can be summarized as follows:

• The usage of MPI and distributed GPU computing will be unavoidable when
hundreds of petabytes of input data per year will be delivered, otherwise data
processing in chunks is needed, raising large I/O overhead.

• The accelerated version of the code is always faster than the pure CPU version,
but when a problem fits in one node it is not the greenest solution.

• For large input data and very high resolutions, as it will be for SKA, many com-
puting nodeswill be needed to perform radio imaging, andGPUs become excep-
tionally faster andmore green than CPUs, in particular due to the high difference
in MPI communication.

• Green productivity is a measure to relate code performance and energy effi-
ciency, and fine-tuning with the weighting factor is useful in order to focus more
on one out of them.

To increase both the energy-to-solution and time-to-solution for the GPU imple-
mentation, our next step will be the inclusion of the distributed FFT version for AMD
GPUs, which will avoid unnecessary memory movements back and forth from de-
vice to host, after the reduce operation, and then from host to device to perform 𝑤-
correction at the end.
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7
CONCLUSIONS

Green computing has now pivotal importance in every field of science, and in particu-
lar in astrophysics and cosmology, since always more complex simulations involving
up to trillions of particles are currently being run on supercomputers, while at the
same time new instruments have been built with the purpose to shed light on the Uni-
verse mysteries, like the nature of dark matter and dark energy. These instruments are
going to produce up to petabytes data every day, which eventually need to be stored,
analyzed and processed. This led naturally to the exploitation of supercomputers.

We found in the first part of this thesis that energy-to-solution may be lowered in
two ways:

• Putting much effort to develop fast codes exploiting heterogeneous machines
with parallel computing and GPUs. A single GPU consumes more than a CPU
in idle state, however they’re so much faster in several applications that, even if
the power absorption is large, the total energy consumed is much smaller than
CPU equivalents.

• The awareness about algorithmic imprint, discussed in Chapter 3, i.e. writing
codes which utilize more efficient instructions.

The latter is the key point of the first part of the thesis, even if its effect is smaller
than the runtime gain, I estimated its contribution around ∼ 10% in the reduce oper-
ation implemented by my collaborators and I. This optimized version of the reduce,
introduced and described in Section 3.2, is faster than the standard MPI solutions and
utilizes more efficient instructions as well. The effect reaches 10% with 12 MPI tasks
in an Intel machines, which is much less than runtime gain, but it’s non-negligible.
However, deeper analyses confirm that its effect increases with 𝑁 . A future study will
include new Intel and AMD machines with many cores, in order to grasp how the ef-
fect grows when 𝑁 becomes large. To understand which instructions are actually the
cheapest, a deep profiling involving a study in what’s going on at assembler level is
unavoidable, and will be the main future perspective. This instruction profiling will
reveal the most efficient instructions, which can be then ported in whatever scientific
code and not only in the reduce operation. Effort on developing green algorithms will
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focus the importance of green awareness in the future, which will not only be con-
centrated on hybrid or GPU parallelism. Considering to run the reduce on a machine
consuming tens of𝑀𝑊 under full workload, without any code speedup it is in princi-
ple possible to save 1𝑀𝑊 every 10𝑀𝑊 even if the algorithmic imprint impacts “only”
10%.

In the second part of this thesis we have introduced our RICK code, and we have
run it at the Leonardo supercomputer and at the Setonix machine. The two platforms
have different architectures, the former being an Intel CPU + NVIDIA GPU machine
and the latter being an AMD CPU + AMD GPU one.

Our results show that GPUs are always the fastest solution but sometimes they’re
not the greenest one. Indeed, we can summarize our tests as follows:

• OpenMP tests remove MPI overhead but force users to run the code entirely in
one node, which is a disadvantage when large input data and grids are needed,
as it happens for LOFAR and SKA data analysis. The code anyway offers the
possibility to load datasets split in frequencies/observational time chunks (see
Chapter 4) but leads to I/O overhead if these chunks become too many (see Sec-
tion 1.9).

• Pure MPI tests solve the memory limitation issue but at the same time introduce
large communication overhead, as stressed in Chapter 3 and Section 5.4. Espe-
cially for a stronglymemory-bound code like RICK, by increasing the computing
resources the code runtime will be entirely dominated by the communication
(see Figure 6.2).

• HybridMPI+OpenMP tests are themost reasonable trade-offwhenGPUs are not
available. Indeed, the communication impact is reduced, thanks also to the new
implementation, which allows users to diminish the MPI tasks without losing
any computing power, since the node is entirely filled with OpenMP threads.

• MPI+GPUs is the fastest solution in any configuration, as it has been shown in
the results of Chapter 4, Chapter 5, Chapter 6. The difference, as we already
discussed in Chapter 5,Chapter 6, is in the implementation of the Fast Fourier
Transform. The current code version supports only the FFT running on NVIDIA
GPUs, while in the AMD case explored in Chapter 6 the FFT is still run on the
CPU, leading to memory transfers back and forth. However, it is shown in Fig-
ure 6.4 that GPU implementation is much faster and greener even without the
FFT, when large computing resources are required by the problem.

Energy-to-solution has been the goal of this thesis, however a green code which is
too slow in runtime is not useful for astronomers, such that we had to find a quantity to
compromise energy-to-solution and time-to-solution, which we called green produc-
tivity (see Section 6.3). The relevant results are collected and discussed in Chapter 6.
Thanks to the Pawsey Supercomputing Centre staff, we could exploit energy counters
and fine-tune parameters like the CPU frequency, in order to study the impact on the
total energy consumption. Here the take-home messages:
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• When the problem fits in one node, i.e. non-VLBI observations, the GPU so-
lution is again the fastest one but not the greenest one (see Table 6.2), and in
terms of green productivity (Equation 6.1) it’s equivalent to one specific hybrid
MPI+OpenMP configuration (see Figure 6.1), but at the same time the GPU so-
lution requires 8 times more core hours compared to the CPU solution, meaning
that hybrid solution is the most efficient one in single-node cases.

• Whenmany computing resources are needed to fit the problemmemory require-
ments, i.e. LOFAR VLBI, when high resolution images are unavoidably needed,
GPUs turn out to be by far the fastest and the greenest solution, as clearly shown
in Figure 6.4. In terms of green productivity, in Figure 6.5 we took as reference
the lowest node number configurations, and in both CPU and GPU solutions the
most efficient one is the lowest resource configuration itself.

• Tuning the CPU frequency led to the interesting results discussed in Section 6.6.1
and shown in Figure 6.2 and Figure 6.3. The code turns out to be stronglymemory-
bound, such that diminishing the CPU frequency does not lead to a significant
performance loss, while impacts more on the energy-to-solution. In this case
it’s up to the users whether to choose either the medium or the low frequency
configuration.

RICK is still under development since from both scientific and algorithmic points
of view improvements can be implemented. For instance, deconvolution (Starck et
al., 2002; F. Li et al., 2011; Hardy, 2013; A. Offringa et al., 2017), needed to clean the
image for incomplete sampling in Fourier space by the antennas, is not yet performed
by the code, which produces the so called dirty image. Also, weighting and tapering
(Yatawatta, 2014) are being improved.

For the computational part, the code can be optimized as follows:

• Hybridmulti-node reduce The current reduce implementation onCPU is able to
speedup the intra-node communicationwithout losing computing power thanks
to the hybridMPI+OpenMP communication. However, the implementation of a
new algorithm for the inter-node reduce is necessary because currently the code,
in multi-nodes, relies on the standard reduce available in the MPI library.

• Distributed FFT for AMD GPUs The Fast Fourier Transform is still a limiting
factor in AMD machines, since a distributed version of rocFFT1 is not yet avail-
able. This limits the full GPU computing power, because memory transfer from
device to host is necessary between the reduce and the FFT and again from host
to device between the FFT and the 𝑤-correction. A full GPU version with the
FFT included would avoid this overhead in memory transfer, resulting in an im-
provement in both energy-to-solution and time-to-solution.

• ADIOS2 inclusion In Section 1.9 the I/O problem in radio astronomy has been
introduced, arguing that it becomes a bottleneck especiallywhen several datasets
have to be loaded and processed one by one. However this is not the only case in

1 https://rocm.docs.amd.com/projects/rocFFT/en/latest/

https://rocm.docs.amd.com/projects/rocFFT/en/latest/
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which I/Obecomes a bottleneck. When parallel I/O is used, CPU’smemory links
with the file-system are usuallymuch smaller than the number of available cores.
If the implementation is not streaming-flow aware, memory contention can sig-
nificantly limit the performance in reading data from the file-system. ADIOS2
will help us with its API to handle I/O in the proper way, in order to achieve the
best performance.

• MGARDand communication Themost challenging solution to be implemented
is thought to reduce the communication impact, which has been discussed dur-
ing the whole thesis and considered as “worst enemy”, since, in particular when
many computing nodes are used, turns out to dominate the entire runtime. MGARD,
which is already implemented in ADIOS2, allows to perform data compression
with or without losing any information. If the code were able to compress grid-
ded visibilities between the gridding step and the reduce step, the communica-
tion would be done onto smaller data structures, eventually leading to a dimin-
ished communication impact.

This last optimization is in principle feasible, however it requires that the sum
of compression step and reduce on a smaller grid is smaller than the reduce on the
uncompressed grid. One possibility to speedup this code part is to rely on ADIOS2
streaming-flow, i.e. investigating the possibility to perform the compression in a non-
blocking way while the task starts to perform the reduce operation. This is easier for
the CPU code since it can trust the OpenMP parallelization, i.e. a group of threads
is compressing the grid while the remaining ones are involved in the reduce. When
GPUs will be used, this is even trickier, since other cudaStreams/hipStreamswill be nec-
essary to include this new task.
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