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The performance of scientific computing applications often achieves a small fraction of 
peak performance [7,17]. In this paper, we discuss two causes of performance problems-- 
insufficient memory bandwidth and a suboptimal instruction mix--in the context of a 
complete, parallel, unstructured mesh implicit CFD code. These results show that the 
performance of our code and of similar implicit codes is limited by the memory bandwidth 
of RISC-based processor nodes to as little as 10% of peak performance for some critical 
computational kernels. Limits on the number of basic operations that can be performed 
in a single clock cycle also limit the performance of "cache-friendly" parts of the code. 

1. I N T R O D U C T I O N  A N D  M O T I V A T I O N  

Traditionally, numerical analysts have evaluated the performance of algorithms by 
counting the number of floating-point operations. It is well-known that this is not a good 
estimate of performance on modern computers; for example, the performance advantage 
of the level-2 and level-3 BLAS over the level-one BLAS for operations that involve the 
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Figure 1. Sequential performance of PETSc-FUN3D for a small grid of 22,677 vertices 
(with 4 unknowns per vertex) run on IBM SP (120 MHz, 256 MB per processor), SGI 
Origin 2000 (250 MHz, 512 MB per node), and T3E (450 MHz, 256 MB per processor). 

a single cycle. 
For the algorithm presented in Figure 2, the matrix is stored in compressed row storage 

format (similar to PETSc's AIJ format [4]). For each iteration of the inner loop in Figure 2, 
we need to transfer one integer (j a array) and N + 1 doubles (one matrix element and N 
vector elements) and we do N floating-point multiply-add (fmadd) operations or 2N flops. 
Finally, we store the N output vector elements. This leads to the following estimate of 
the data volume: 

Total Bytes Transferred = m �9 sizeof_int + 2 �9 m �9 N �9 sizeof_double 
+ n z  �9 (sizeof_int + sizeof_double) 

= 4 , ( m + n z ) + 8 , ( 2 , m , N + n z ) .  

This gives us an estimate of the bandwidth required in order for the processor to do 
2 �9 nz  �9 N flops at the peak speed: 

( Bytes Transferred/fmadd - 16 + - -  + - - .  
nz N 

Alternatively, given a memory performance, we can predict the maximum achievable 
performance. This results in 

2 
4 _ _  1 2  x B W ,  (1) M B w =  ( 1 6 + N ) m  + _  

n z  N 

where M B w  is measured in Mflops/sec and B W  stands for the available memory band- 
width in Mbytes/s, as measured by STREAM [11] benchmark. (The raw bandwidth based 
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Abstract

The coming decade is going to see a push towards
exascale computing. Assuming gigahertz cores, this
means exascale systems will have between 100 million
and 1 billion of them to achieve this level of perfor-
mance. At this scale, some important questions need
to be answered on the applications end. What appli-
cations are feasible at this scale? What needs to be
done to make them scalable? How does the hardware
have to adapt to meet application needs? In this paper,
we introduce a new feasibility-based approach to an-
swering these questions. Our approach involves finding
upper and lower bounds on problem size and machine
parameters to determine a feasibility region for the
application in question. As the underlying architecture
of a future exascale machine is currently unknown, we
use LogP-based performance models and vary machine
parameters to give architecture-indepenent hardware
constraints. We consider both strong-scaling and weak-
scaling scenarios, and present results for two applica-
tions, the Fast Fourier Transform and basic geometric
multigrid. The results show substantial constraints that
need to be satisfied to enable exascale performance.

1. Introduction

With the recent realization of petascale computing,
attention has now turned towards the next step, the
exascale. An exascale machine is one that will be
capable of performing 1018 operations per second. It
is expected that an exascale computer will require
hundreds of millions to billions of processor cores,
and make use of new technologies and perhaps novel
architectures [1]. This is a huge jump from the ma-
chines of today, so the question of which algorithms
and applications would scale to an exascale machine is
a pertinent one. Scientists and engineers need to know
which algorithms they should use on these machines.
Application programmers need to know on which

algorithms they should focus. Hardware and system
software designers need to know for which applications
to optimize. In this paper, we look at the FFT and
multigrid because they are popular algorithms for
which there are differing issues that cause scalability
concerns that we wish to highlight.

The rest of the paper is organized as follows. Section
2 explains the overall approach to our feasibility study.
Sections 3 and 4 examine the exascale feasibility of the
FFT and basic geometric multigrid, respectively. Sec-
tion 5 summarizes the results and lays out directions
for future work.

2. Approach to Studying Feasibility

The main challenge in studying the feasibility of
applications at the exascale is that the specific design
and machine parameters of a future exascale system
are far from known. There have been studies [1],
but no specific designs as of yet. So we cannot
straightforwardly develop performance models, plug in
machine parameters, and make an easy determination
of feasibility.

What we can do, though, is treat the machine
parameters as variables and see what is the range of
values they can take such that exascale performance
is possible. Specifically, we adjust communication-
related parameters such as latency and bandwidth
assuming the application is running on a hypothetical
exascale machine with between 100 million and 1
billion gigahertz cores. Our hypothetical machine will
have 228 (almost 268.5 million) cores with each core
having a compute time per floating-point operation of
tc = 0.1 ns. This translates to a peak performance
of 2.68 ExaFLOPS. We also vary the problem size to
consider both strong-scaling (smaller problems that are
being solved today) and weak-scaling (larger problems
that will be solvable with the increased processor
count) scenarios.

 

978-1-4244-6443-2/10/$26.00 ©2010 IEEE 

Authorized licensed use limited to: Georgia Institute of Technology. Downloaded on September 11,2025 at 15:53:15 UTC from IEEE Xplore.  Restrictions apply. 

Architectural constraints to attain 1 Exaflop/s for
three scientific application classes

Abhinav Bhatele, Pritish Jetley, Hormozd Gahvari, Lukasz Wesolowski, William D. Gropp, Laxmikant V. Kalé
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Abstract— The first Teraflop/s computer, the ASCI Red,
became operational in 1997, and it took more than 11 years
for a Petaflop/s performance machine, the IBM Roadrunner,
to appear on the Top500 list. Efforts have begun to study
the hardware and software challenges for building an exascale
machine. It is important to understand and meet these challenges
in order to attain Exaflop/s performance. This paper presents
a feasibility study of three important application classes to
formulate the constraints that these classes will impose on the
machine architecture for achieving a sustained performance of 1
Exaflop/s.

The application classes being considered in this paper are –
classical molecular dynamics, cosmological simulations and un-
structured grid computations (finite element solvers). We analyze
the problem sizes required for representative algorithms in each
class to achieve 1 Exaflop/s and the hardware requirements in
terms of the network and memory. Based on the analysis for
achieving an Exaflop/s, we also discuss the performance of these
algorithms for much smaller problem sizes.

Keywords-application scalability; exascale; performance anal-
ysis; molecular dynamics; cosmology; finite element methods

I. INTRODUCTION

Parallel supercomputers have kept up the pace of peak
performance improvement: The first peak Petaflop/s machine,
Roadrunner, appeared on the Top500 [1] list in June 2008,
and multiple systems beyond that performance level have been
planned for near future. The community has set a goal of
building an Exaflop/s machine by 2018. There are several hard-
ware challenges to be overcome before we break the Exaflop/s
barrier - power/energy costs, memory costs, communication
and others. The continuous frequency increase that we enjoyed
in the past has come to an end. In part due to this, it has been
clear that a co-design approach, where machines are designed
in conjunction with exascale applications will be needed to
achieve the goal of an Exaflop/s by 2018 [2].

Assuming that we can overcome the hardware challenges
and an Exaflop/s machine is built, scientists will have to
modify/develop algorithms and applications that scale to ex-
ascale. To this end, we analyze three prevalent application
classes that currently occupy a significant portion of compute
cycles on various supercomputers (supported by INCITE and
PRAC allocation awards) – classical molecular dynamics,
cosmological simulations and unstructured mesh computations
(finite element solvers).

Goals arising from the science involved suggest that the sci-
entific communities using these applications will need exascale
performance, so it is important to project the performance of
these applications on an exascale machine.

These three application classes encompass some of the most
common parallel data structures, including structured grids,
unstructured grids and particles (N -body). Between the three
chosen classes, a range of computational and communication
patterns are covered which should provide insight into the
scaling challenges we will face on the road to exascale. We
consider weak scaling of these applications to the full size of
the machine. At exascale, scientifically important objectives
may also involve studying problems smaller than what weak-
scaling suggests (i.e. 1000 times larger problems compared
with those on petascale). Therefore, we also study performance
issues for smaller problem instances.

The first class of applications chosen for the study are
molecular dynamics (MD) applications that focus on the
simulation of biomolecular systems. Several highly scaling
MD codes are used today on supercomputers – NAMD [3],
AMBER [4], Gromacs [5], Desmond [6] and Blue Matter [7].
MD simulations involve calculation of forces on a system
of N atoms. We discuss different parallelization strategies
for the force calculation and select the one with the lowest
computation to communication ratio. For the purposes of this
study, we consider only short-range calculations (also referred
to as Lennard-Jones dynamics).

The second class of applications are cosmological simula-
tions. These applications constitute another important category
with a unique communication pattern. Gravitational solvers
for the N -body problem use one of many different methods:
direct sum, tree-methods, particle-mesh methods and hybrid
codes. Some examples of cosmology codes are PkdGRAV [8],
ChaNGa [9], Enzo [10] and FLASH [11]. We consider tree
methods for solving the N -body problem for our analysis and
set aside hydrodynamics for a later study.

Unstructured grid problems, the third class under consider-
ation, arise frequently in science and engineering. Many prob-
lem domains have complex shapes that do not lend themselves
well to a simple finite difference discretization. Setting the
problem as an unstructured grid, which involves breaking the
domain into triangles (in 2D) and tetrahedra (in 3D), allows
for complicated domains to be discretized in a straightforward
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a b s t r a c t

FFT, FMM, and multigrid methods are widely used fast and highly scalable solvers for elliptic PDEs.
However, emerging large-scale computing systems are introducing challenges in comparison to current
petascale computers. Recent efforts (Dongarra et al. 2011) have identified several constraints in the
design of exascale software that include massive concurrency, resilience management, exploiting the
high performance of heterogeneous systems, energy efficiency, and utilizing the deeper and more
complex memory hierarchy expected at exascale. In this paper, we perform a model-based comparison
of the FFT, FMM, and multigrid methods in the context of these projected constraints. In addition we
use performance models to offer predictions about the expected performance on upcoming exascale
system configurations based on current technology trends.

© 2019 Elsevier Inc. All rights reserved.

1. Introduction

Elliptic PDEs arise in many applications in computational sci-
ence and engineering. Classic examples are found in computa-
tional astrophysics, fluid dynamics, molecular dynamics, plasma
physics, and many other areas. The rapid solution of elliptic
PDEs remains of wide interest and often represents a significant
portion of simulation time.

The fast Fourier transform (FFT), the fast multipole method
(FMM), and multigrid methods (MG) are widely used fast and
highly scalable solvers for elliptic PDEs. The FFT, FMM, and MG
methods have been used in a wide variety of scientific computing
applications such as particle-in-cell methods, the calculation of
long-range (electrostatic) interactions in many-particle systems,
such as molecular dynamics and Monte Carlo sampling [3], and
in signal analysis. The performance expectations of these methods
helps guide algorithmic changes and optimizations to enable
migration to exascale systems, as well as to help identify poten-
tial bottlenecks in exascale architectures. In addition, modeling
helps assess the trade-offs at extreme scales, which can assist in
choosing optimal methods and parameters for a given application
and specific machine architecture.

Each method has advantages and disadvantages, and all have
their place as PDE solvers. Generally, the FFT is used for uniform
discretizations, FMM and geometric MG are efficient solvers on
irregular grids with local features or discontinuities, and algebraic

→ Corresponding author.
E-mail addresses: hibeid@illinois.edu (H. Ibeid), lukeo@illinois.edu

(L. Olson), wgropp@illinois.edu (W. Gropp).

MG can handle arbitrary geometries, variable coefficients, and
general boundary conditions. The focus of this study is on FFT,
FMM, and geometric MG, although several observations extend to
an algebraic setting as well [7].

One aim of the International Exascale Software Project (IESP)
is to enable the development of applications that exploit the
full performance of exascale computing platforms [14]. Although
these exascale platforms are not yet fully specified, it is widely
believed that they will require significant changes in computing
hardware architecture relative to the current petascale systems.
The IESP roadmap reports that technology trends impose severe
constraints on the design of an exascale software. Issues that are
expected to affect system software and applications at exascale
are summarized as

Concurrency: Future supercomputing performance will depend
mainly on increases in system scale. Processor counts of
one million or more for current systems [26] whereas exas-
cale systems are likely to incorporate one billion processing
cores, assuming GHz technology. As a result, this 1000↑
increase in concurrency necessitates new paradigms for
computing for large-scale scientific applications to ensure
extrapolated scalability.

Resiliency: The exponential increase in core counts expected at
exascale will lead to increases in the number of routers,
switches, interconnects, and memory systems.
Consequently, resilience will be a challenge for HPC appli-
cations on future exascale systems.

Heterogeneity: As accelerators advance in both performance
and energy efficiency, heterogeneity has become a critical

https://doi.org/10.1016/j.jpdc.2019.09.014
0743-7315/© 2019 Elsevier Inc. All rights reserved.
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This suggests that we need a time per step of 6.52 seconds to
achieve 1 Exaflop/s performance.

B. Communication

Now, we estimate the volume of communication generated
by the Barnes-Hut algorithm. Recall that particles are grouped
into buckets of size B each. The even distribution of N

particles among Pn processor nodes results in N/(PnB)
buckets per processor node. Furthermore, given the even
distribution of particles, each node receives an approximately
cubic subdomain of edge length a = c/

3
p
Pn. This is depicted

as the striped area in Figure 4. Let nb be the number of buckets
along an edge of the cube. Then, n

3
b = N/(PnB), so that

nb = 3
p

N/(PnB). The processor cores that perform traversals
for buckets within this volume request data in the form of cells
and particles, both from remote nodes and local cores within
the same node. However, buckets closer to the center of this
cube request strictly a subset of the remote cells and particles
requested by buckets closer to the faces. This observation
is leveraged in production quality simulators by “caching”
cells and particles fetched from remote sources, resulting in
the reuse of remote data, and reducing the communication
cost of the algorithm. Therefore, we attribute the aggregate
remote communication generated by a processor node to the
union of all cells and particles requested by the buckets along
the faces of the cube. As shown in Figure 4, with a bound
of ✓T = 0.5, buckets along the faces of the cube expand
a total of 12n2

b + 12 ⇥ 3nb + 8 remote buckets of edge
length c

3
p

B/N . Therefore, each node requests the particles
of C

bkts = 12n2
b + 36nb + 8 buckets. The buckets along the

faces also expand a total of 12(nb/2)2 + 36(nb/2) + 8 cells
with edge length 2c 3

p
B/N , 12(nb/4)2 + 36(nb/4) + 8 cells

with edge length 22c 3
p

B/N , etc. Therefore, the number of
cells requested from remote nodes up to size a = c/

3
p
Pn is:

C
cell
1 =

lgnbX

i=0

✓
12

⇣
nb

2i

⌘2
+ 36

⇣
nb

2i

⌘
+ 8

◆

= 16n2
b + 72nb + 8 lg nb � 32 cells

For i  lg nb, the above reasoning is valid since there are
multiple cells (or for i = lg nb, a single cell of edge length
a) lining a processor node’s subvolume. We must consider
cells with edge length greater than a separately. Notice that
there is an asymmetry of communication volume between
processor nodes: two nodes may request slightly different
numbers of higher-level cells depending on their positions
within the simulated space. The greatest difference in the
number of cells expanded occurs between the eight central
processor nodes and the ones situated at the eight corners of
the simulated universe. Even so, with ✓T = 0.5, the number of
cells expanded by the processor nodes in the corners equals 31,
whereas 30 cells are expanded by the eight central processor
nodes. We assume that each processor stores the root cell
representing the entire simulation space. Therefore, we bound

2b

4b

8b

b

Fig. 4. Communication pattern of a single node at the bottom three depths
in the Barnes-Hut tree. The striped region in the center represents the cubic
subvolume of particles assigned to the node, and the immediate squares
surrounding it represent the buckets along its faces. Progressively larger
squares represent remote cells at different depths that are requested by the
node for ✓T = 0.5. Circles of radii 2b, 4b and 8b described around the
centers of corner buckets determine which cells are requested.

the amount of communication generated per processor by the
expansion of higher-level cells as follows:

C
cell
2 = 31

✓
lgPn

3
� 1

◆
cells

The expansion of each cell yields eight children. We assume
that for each expanded cell, a single message is generated
which contains all its children. This model may be extended
so that whenever a cell is expanded by a processor node, it
receives a subtree of depth m below that cell. The tradeoff to
consider there is that between the number of messages (fewer
for larger m) and the amount of network bandwidth wasted
(more for larger m) because of requests for cells that are
never needed by the traversal. We keep our analysis simple
by setting m = 1. This results in about (Ccell

1 + C
cell
2 )/8

messages containing eight cells each, and C
bkts messages to

communicate B particles each.
We now use C

cell
1 , Ccell

2 and C
bkts to calculate constraints on

ts and tw. In the following, we assume that the total number of
flops are distributed evenly across processors (i.e. we assume
perfect load balance). By setting Pn = 220, we get nb ⇡ 87.
Therefore, the total number of cell expansion messages equals
(Ccell

1 + C
cell
2 )/8 ⇡ 15946, and the total number of particle

messages is C
bkts = 93968. We take the multipole moments

of each cell to require 224 bytes (56 words) and each particle’s
coordinate information to be 40 bytes. This leads to 100 words
for 10 particles in one bucket (these values are taken from
ChaNGa). Assuming a network free of contention, this results
in a communication time of

Tcomm = 15946(ts + 56tw) + 93968(ts + 100tw)

8686868686
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problems are due to the fact that each communicated value is
used in a large number of floating point calculations (leading
to a higher degree of reuse compared to FEM).
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Fig. 11. Feasibility regions for molecular dynamics (MD), cosmology (N-
body) and finite element solvers (FEM) for weak scaling to achieve 1 Exaflop/s

Smaller problem sizes for all the application classes lead
to stronger constraints on the network latency and bandwidth.
However, it is important to remember that the latency con-
straints can be relaxed to some extent since our analysis
assumes serialization of messages originating from all cores
on a node through the NIC or switch on the node. We
expect that future machines will allow several cores on a
node to inject messages on the network simultaneously. The
memory requirements for all these application classes is not a
scalability concern (although the requirements for Barnes-Hut
are higher than the other two). This suggests that machines
with low memory per core may be realistic in the future.

The analysis in this paper has made as few assumptions
as possible. However, two assumptions which have simplified
our analysis are absence of load imbalance and network
contention. In a future study, we will analyze the impact of
both factors on application performance. This is a preliminary
study of the three application classes and we plan to do a
more in-depth analysis of each application class which was
impossible in this paper due to limited space.
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or T < 6.52 (IV.1)

This suggests that we need a time per step of 6.52 seconds to
achieve 1 Exaflop/s performance.

B. Communication

Now, we estimate the volume of communication generated
by the Barnes-Hut algorithm. Recall that particles are grouped
into buckets of size B each. The even distribution of N

particles among Pn processor nodes results in N/(PnB)
buckets per processor node. Furthermore, given the even
distribution of particles, each node receives an approximately
cubic subdomain of edge length a = c/

3
p
Pn. This is depicted

as the striped area in Figure 4. Let nb be the number of buckets
along an edge of the cube. Then, n

3
b = N/(PnB), so that

nb = 3
p

N/(PnB). The processor cores that perform traversals
for buckets within this volume request data in the form of cells
and particles, both from remote nodes and local cores within
the same node. However, buckets closer to the center of this
cube request strictly a subset of the remote cells and particles
requested by buckets closer to the faces. This observation
is leveraged in production quality simulators by “caching”
cells and particles fetched from remote sources, resulting in
the reuse of remote data, and reducing the communication
cost of the algorithm. Therefore, we attribute the aggregate
remote communication generated by a processor node to the
union of all cells and particles requested by the buckets along
the faces of the cube. As shown in Figure 4, with a bound
of ✓T = 0.5, buckets along the faces of the cube expand
a total of 12n2

b + 12 ⇥ 3nb + 8 remote buckets of edge
length c

3
p

B/N . Therefore, each node requests the particles
of C

bkts = 12n2
b + 36nb + 8 buckets. The buckets along the

faces also expand a total of 12(nb/2)2 + 36(nb/2) + 8 cells
with edge length 2c 3

p
B/N , 12(nb/4)2 + 36(nb/4) + 8 cells

with edge length 22c 3
p

B/N , etc. Therefore, the number of
cells requested from remote nodes up to size a = c/

3
p
Pn is:

C
cell
1 =

lgnbX

i=0

✓
12

⇣
nb

2i

⌘2
+ 36

⇣
nb

2i

⌘
+ 8

◆

= 16n2
b + 72nb + 8 lg nb � 32 cells

For i  lg nb, the above reasoning is valid since there are
multiple cells (or for i = lg nb, a single cell of edge length
a) lining a processor node’s subvolume. We must consider
cells with edge length greater than a separately. Notice that
there is an asymmetry of communication volume between
processor nodes: two nodes may request slightly different
numbers of higher-level cells depending on their positions
within the simulated space. The greatest difference in the
number of cells expanded occurs between the eight central
processor nodes and the ones situated at the eight corners of
the simulated universe. Even so, with ✓T = 0.5, the number of
cells expanded by the processor nodes in the corners equals 31,
whereas 30 cells are expanded by the eight central processor
nodes. We assume that each processor stores the root cell
representing the entire simulation space. Therefore, we bound

2b

4b

8b

b

Fig. 4. Communication pattern of a single node at the bottom three depths
in the Barnes-Hut tree. The striped region in the center represents the cubic
subvolume of particles assigned to the node, and the immediate squares
surrounding it represent the buckets along its faces. Progressively larger
squares represent remote cells at different depths that are requested by the
node for ✓T = 0.5. Circles of radii 2b, 4b and 8b described around the
centers of corner buckets determine which cells are requested.

the amount of communication generated per processor by the
expansion of higher-level cells as follows:

C
cell
2 = 31

✓
lgPn

3
� 1

◆
cells

The expansion of each cell yields eight children. We assume
that for each expanded cell, a single message is generated
which contains all its children. This model may be extended
so that whenever a cell is expanded by a processor node, it
receives a subtree of depth m below that cell. The tradeoff to
consider there is that between the number of messages (fewer
for larger m) and the amount of network bandwidth wasted
(more for larger m) because of requests for cells that are
never needed by the traversal. We keep our analysis simple
by setting m = 1. This results in about (Ccell

1 + C
cell
2 )/8

messages containing eight cells each, and C
bkts messages to

communicate B particles each.
We now use C

cell
1 , Ccell

2 and C
bkts to calculate constraints on

ts and tw. In the following, we assume that the total number of
flops are distributed evenly across processors (i.e. we assume
perfect load balance). By setting Pn = 220, we get nb ⇡ 87.
Therefore, the total number of cell expansion messages equals
(Ccell

1 + C
cell
2 )/8 ⇡ 15946, and the total number of particle

messages is C
bkts = 93968. We take the multipole moments

of each cell to require 224 bytes (56 words) and each particle’s
coordinate information to be 40 bytes. This leads to 100 words
for 10 particles in one bucket (these values are taken from
ChaNGa). Assuming a network free of contention, this results
in a communication time of

Tcomm = 15946(ts + 56tw) + 93968(ts + 100tw)

8686868686
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problems are due to the fact that each communicated value is
used in a large number of floating point calculations (leading
to a higher degree of reuse compared to FEM).
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Fig. 11. Feasibility regions for molecular dynamics (MD), cosmology (N-
body) and finite element solvers (FEM) for weak scaling to achieve 1 Exaflop/s

Smaller problem sizes for all the application classes lead
to stronger constraints on the network latency and bandwidth.
However, it is important to remember that the latency con-
straints can be relaxed to some extent since our analysis
assumes serialization of messages originating from all cores
on a node through the NIC or switch on the node. We
expect that future machines will allow several cores on a
node to inject messages on the network simultaneously. The
memory requirements for all these application classes is not a
scalability concern (although the requirements for Barnes-Hut
are higher than the other two). This suggests that machines
with low memory per core may be realistic in the future.

The analysis in this paper has made as few assumptions
as possible. However, two assumptions which have simplified
our analysis are absence of load imbalance and network
contention. In a future study, we will analyze the impact of
both factors on application performance. This is a preliminary
study of the three application classes and we plan to do a
more in-depth analysis of each application class which was
impossible in this paper due to limited space.
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Fig. 11. Feasibility regions for molecular dynamics (MD), cosmology (N-
body) and finite element solvers (FEM) for weak scaling to achieve 1 Exaflop/s

Smaller problem sizes for all the application classes lead
to stronger constraints on the network latency and bandwidth.
However, it is important to remember that the latency con-
straints can be relaxed to some extent since our analysis
assumes serialization of messages originating from all cores
on a node through the NIC or switch on the node. We
expect that future machines will allow several cores on a
node to inject messages on the network simultaneously. The
memory requirements for all these application classes is not a
scalability concern (although the requirements for Barnes-Hut
are higher than the other two). This suggests that machines
with low memory per core may be realistic in the future.

The analysis in this paper has made as few assumptions
as possible. However, two assumptions which have simplified
our analysis are absence of load imbalance and network
contention. In a future study, we will analyze the impact of
both factors on application performance. This is a preliminary
study of the three application classes and we plan to do a
more in-depth analysis of each application class which was
impossible in this paper due to limited space.

ACKNOWLEDGMENTS

This work was supported in part by a DOE Grant DE-
SC0001845 for HPC Colony II, NSF Grants ITR-HECURA-
0833188 and SGER 0837719 and by the Institute for Ad-
vanced Computing Applications and Technologies (IACAT).
The authors would like to thank Prof. Tom Quinn from the
University of Washington for discussions about cosmological
simulations.

REFERENCES

[1] “Top500 supercomputing sites,” http://top500.org.
[2] L. V. Kale, “Early Application Development/Tuning and Application

Characterization/Segmentation,” International Journal of High Perfor-

mance Computing Applications, vol. 23, no. 4, pp. 411–412, October
2009.

[3] A. Bhatele, S. Kumar, C. Mei, J. C. Phillips, G. Zheng, and L. V. Kale,
“Overcoming scaling challenges in biomolecular simulations across
multiple platforms,” in Proceedings of IEEE International Parallel and

Distributed Processing Symposium 2008, April 2008, pp. 1–12.
[4] P. K. Weiner and P. A. Kollman, “AMBER: Assisted model building

with energy refinement. a general program for modeling molecules and
their interactions,” Journal of Computational Chemistry, vol. 2, p. 287,
1981.

[5] D. Van Der Spoel, E. Lindahl, B. Hess, G. Groenhof, A. E. Mark,
and H. J. C. Berendsen, “Gromacs: Fast, flexible, and free,” Journal

of Computational Chemistry, vol. 26, pp. 1701–1718, December 2005.
[6] K. J. Bowers, E. Chow, H. Xu, R. O. Dror, M. P. Eastwood, B. A.

Gregersen, J. L. Klepeis, I. Kolossvary, M. A. Moraes, F. D. Sacerdoti,
J. K. Salmon, Y. Shan, and D. E. Shaw, “Scalable algorithms for
molecular dynamics simulations on commodity clusters,” in SC ’06:

Proceedings of the 2006 ACM/IEEE conference on Supercomputing.
New York, NY, USA: ACM Press, 2006.

[7] B. G. Fitch, A. Rayshubskiy, M. Eleftheriou, T. J. C. Ward, M. Gi-
ampapa, and M. C. Pitman, “Blue matter: Approaching the limits of
concurrency for classical molecular dynamics,” in SC ’06: Proceedings

of the 2006 ACM/IEEE conference on Supercomputing. New York, NY,
USA: ACM Press, 2006.

[8] M. D. Dikaiakos and J. Stadel, “A performance study of cosmological
simulations on message-passing and shared-memory multiprocessors,”
in Proceedings of the International Conference on Supercomputing -

ICS’96, Philadelphia, PA, December 1996, pp. 94–101.
[9] P. Jetley, F. Gioachin, C. Mendes, L. V. Kale, and T. R. Quinn, “Mas-

sively parallel cosmological simulations with ChaNGa,” in Proceedings

of IEEE International Parallel and Distributed Processing Symposium

2008, 2008, pp. 1–12.
[10] B. Oshea, G. Bryan, J. Bordner, M. Norman, T. Abel, R. Harkness,

and A. Kritsuk, “Introducing enzo, an amr cosmology application,” in
Adaptive Mesh Refinement - Theory and Applications, ser. Lecture Notes
in Computational Science and Engineering. Springer Berlin Heidelberg,
2005, vol. 41, pp. 341–349.

[11] G. Weirs, V. Dwarkadas, T. Plewa, C. Tomkins, and M. Marr-Lyon,
“Validating the Flash code: vortex-dominated flows,” in Astrophysics

and Space Science. Springer, 2005, vol. 298, pp. 341–346.
[12] D. Braess, Finite elements: Theory, fast solvers, and applications in solid

mechanics, 3rd ed. Cambridge University Press, 2007.
[13] H. Gahvari and W. Gropp, “An introductory exascale feasibility study

for ffts and multigrid,” in Parallel Distributed Processing (IPDPS), 2010

IEEE International Symposium on, April 2010, pp. 1–9.
[14] A. Bhatele, G. Gupta, L. V. Kale, and I.-H. Chung, “Automated Mapping

of Regular Communication Graphs on Mesh Interconnects,” in Pro-

ceedings of International Conference on High Performance Computing

(HiPC), 2010.
[15] B. Hess, C. Kutzner, D. van der Spoel, and E. Lindahl, “Gromacs 4:

Algorithms for highly efficient, load-balanced, and scalable molecular
simulation,” Journal of Chemical Theory and Computation, vol. 4, no. 3,
pp. 435–447, 2008.

[16] S. Plimpton, “Fast parallel algorithms for short-range molecular dynam-
ics,” J. Comput. Phys., vol. 117, no. 1, pp. 1–19, 1995.
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used in a large number of floating point calculations (leading
to a higher degree of reuse compared to FEM).
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Fig. 11. Feasibility regions for molecular dynamics (MD), cosmology (N-
body) and finite element solvers (FEM) for weak scaling to achieve 1 Exaflop/s

Smaller problem sizes for all the application classes lead
to stronger constraints on the network latency and bandwidth.
However, it is important to remember that the latency con-
straints can be relaxed to some extent since our analysis
assumes serialization of messages originating from all cores
on a node through the NIC or switch on the node. We
expect that future machines will allow several cores on a
node to inject messages on the network simultaneously. The
memory requirements for all these application classes is not a
scalability concern (although the requirements for Barnes-Hut
are higher than the other two). This suggests that machines
with low memory per core may be realistic in the future.

The analysis in this paper has made as few assumptions
as possible. However, two assumptions which have simplified
our analysis are absence of load imbalance and network
contention. In a future study, we will analyze the impact of
both factors on application performance. This is a preliminary
study of the three application classes and we plan to do a
more in-depth analysis of each application class which was
impossible in this paper due to limited space.
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contiguously on each processor, after which the last
round of 1D FFTs can be performed locally. This is
the partitioning used by the NAS FT benchmark [9].
We do not consider it here because on our hypothetical
exascale machine it would require a problem so large it
would take a very long time to solve. With 228 proces-
sors, there would need to be at least 228 square planes
that each have a row size of 228, which means at least
284 ≈ 1.93 × 1025 elements. The computation time
alone for solving this problem (tc N

P log2 N ) would be
a little over 19 years.

The second approach, which we call pencils, divides
the collections of planes from the slabs approach into
smaller pieces. Assume P = p × p, and divide two of
the three dimensions of the cube by p. This gives each
processor n

p × n
p × n elements. Now only one of the

rounds of 1D FFTs can be performed locally, and two
communication steps will be needed to rearrange the
data to make it contiguous in the other two dimensions
so that 1D FFTs can be performed in those directions
as well. In this case, with 228 processors, there must
be at least 214×214×214 = 242 ≈ 4.4×1012 elements
total, which is a much more manageable problem
size. The time required for just the computation on
our hypothetical exascale machine would be 68.8 µs.
Therefore, we only consider the pencils approach.

For performance models, we consider a simple
LogP-based model in which we assume no overlap of
communication and computation, and a more compli-
cated model in which there is substantial overlap of
communication and computation.

3.2.1. No Overlap Model. If we do not consider
overlap of communication, we get that each processor
computes its portion of the data, and during each
communication round has to communicate with p
other processors. The corresponding expression for the
runtime of the 3D FFT using the LogP performance
model is

T = tc
N

P
log2 N + 2(p − 1)(L + o) + 2(p − 2)g

Note that we do not do any latency-hiding, because
we treat the latency here as the cost to send the entire
message, not just the first word.

3.2.2. Overlap Model. Now allowing overlap of com-
munication and computation, we set up another per-
formance model, using instead of LogP the LogGP
model [10] which extends it by adding a bandwidth
term G that represents a per-unit cost of transferring
data over the network. The model assumes that one
n × n

p sheet is computed at a time, with communi-
cation of each sheet occurring after its computation,

Figure 1. Partitioning of cube into slabs (top) and
pencils (bottom) for parallel 3D FFT.

in a pipeline fashion with n
p + 1 stages total. The

computation of the first sheet and the communication
of the last sheet are not overlapped with anything, but
the computation of the remaining n

p −1 sheets and the
communication of the first n

p −1 sheets are overlapped
with each other. Figure 2 diagrams the model showing
the communication and computation of two sheets. The
expression we get for the runtime is

T = 2
[
tc

n

p
n log2 n + (p − 1)o + (p − 2)g +

n

p
nG

+ L +
(

n

p
− 1

)
max

{
(p − 1)o + tc

n

p
n log2 n,

(p − 1)g +
n

p
nG + L

}]
+ tc

n2

p2
n log2 n

In the model, G is in units of seconds per double word.
It corresponds to the link bandwidth, here called l, by
the relation l = 8

109G , where l is in units of GB/s.
It is also possible to compute and then communicate

one row at a time instead of one sheet at a time, or
some amount of data in between a row and a sheet.
For simplicity, we do not consider these cases here.
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LogP-based model in which we assume no overlap of
communication and computation, and a more compli-
cated model in which there is substantial overlap of
communication and computation.

3.2.1. No Overlap Model. If we do not consider
overlap of communication, we get that each processor
computes its portion of the data, and during each
communication round has to communicate with p
other processors. The corresponding expression for the
runtime of the 3D FFT using the LogP performance
model is

T = tc
N

P
log2 N + 2(p − 1)(L + o) + 2(p − 2)g

Note that we do not do any latency-hiding, because
we treat the latency here as the cost to send the entire
message, not just the first word.

3.2.2. Overlap Model. Now allowing overlap of com-
munication and computation, we set up another per-
formance model, using instead of LogP the LogGP
model [10] which extends it by adding a bandwidth
term G that represents a per-unit cost of transferring
data over the network. The model assumes that one
n × n

p sheet is computed at a time, with communi-
cation of each sheet occurring after its computation,

pencils (bottom) for parallel 3D FFT.

in a pipeline fashion with
computation of the first sheet and the communication
of the last sheet are not overlapped with anything, but
the computation of the remaining
communication of the first
with each other. Figure 2 diagrams the model showing
the communication and computation of two sheets. The
expression we get for the runtime is

T = 2
[

+

In the model,
It corresponds to the link bandwidth, here called
the relation

It is also possible to compute and then communicate
one row at a time instead of one sheet at a time, or
some amount of data in between a row and a sheet.
For simplicity, we do not consider these cases here.

Figure 3. Feasibility curves in L and g for the 3D FFT.
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contiguously on each processor, after which the last
round of 1D FFTs can be performed locally. This is
the partitioning used by the NAS FT benchmark [9].
We do not consider it here because on our hypothetical
exascale machine it would require a problem so large it
would take a very long time to solve. With 228 proces-
sors, there would need to be at least 228 square planes
that each have a row size of 228, which means at least
284 ≈ 1.93 × 1025 elements. The computation time
alone for solving this problem (tc N

P log2 N ) would be
a little over 19 years.

The second approach, which we call pencils, divides
the collections of planes from the slabs approach into
smaller pieces. Assume P = p × p, and divide two of
the three dimensions of the cube by p. This gives each
processor n

p × n
p × n elements. Now only one of the

rounds of 1D FFTs can be performed locally, and two
communication steps will be needed to rearrange the
data to make it contiguous in the other two dimensions
so that 1D FFTs can be performed in those directions
as well. In this case, with 228 processors, there must
be at least 214×214×214 = 242 ≈ 4.4×1012 elements
total, which is a much more manageable problem
size. The time required for just the computation on
our hypothetical exascale machine would be 68.8 µs.
Therefore, we only consider the pencils approach.

For performance models, we consider a simple
LogP-based model in which we assume no overlap of
communication and computation, and a more compli-
cated model in which there is substantial overlap of
communication and computation.

3.2.1. No Overlap Model. If we do not consider
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What should we build?

What will we build? 
(That last roofline exemplifying a way to answer this question.)

What could we build?



18 C O M P U T E R W W W . C O M P U T E R . O R G / C O M P U T E R

OUTLOOK

communities; however, no research 
community has yet adopted the com-
bination suggested by collective com-
puting. The window of opportunity is 
open now.

A HISTORICAL PERSPECTIVE
One motivation for de!ning a fourth 
generation of computing is the time 
that has passed since Weiser de!ned 
the third generation of ubiquitous 
computing. Inspired by his frame-
work, Table 1 summarizes the evolu-
tion of computing generations since 
the 1930s, associated changes in the 
human–computer relationship, canon-
ical devices representing each gener-
ation, and, !nally, the driving appli-
cations that encouraged and then 
leveraged wide-scale adoption of those 
technologies.2 In progressing from one 
generation to the next, the previous 
generations’ devices and applications 
do not disappear but, rather, are aug-
mented by those of the next generation.

Generation 1: The mainframe
Automated computing’s origins can be 
traced back many centuries. The !rst 
vision leading to practical implementa-
tion was Alan Turing’s 1936 formulation 
of a computational engine, the so-called 
Turing machine, which has since in(u-
enced the architecture of computa-
tional devices.3 Turing’s ideas and work 
inspired the creation of automated com-
puting machines during World War II.

The assumption of the human–
computer relationship was that a 

single “mainframe” device would sup-
port many individuals, initially one 
at a time but eventually in seemingly 
simultaneous fashion. Ironically, the 
initial “killer app” for this !rst gener-
ation of mainframe computing was to 
help military powers decrypt enemy 
messages and calculate ballistics to 
more accurately target their forces. 
Once the war ended, large corpora-
tions realized that mainframes could 
automate much of their data process-
ing needs. They acquired their own 
mainframes to support business activ-
ities involving important but tedious 
calculations, such as accounting.

Generation 2: The PC
By the late 1960s, visionaries like 
J.C.R. Licklider recognized opportuni-
ties for boosting human performance 
through enhanced connection to com-
putation. Douglas Engelbart’s NLS/
Augment project, famously demon-
strated in 1968, showed for the !rst 
time how computing could augment 
human cognitive and communicative 
capabilities. Alan Kay and his Xerox 
PARC colleagues—inspired by the 
Ethernet, raster displays, and laser 
printing—created the !rst examples 
of a “personal” computer. This device 
transformed the human–computer 
relationship into one where each indi-
vidual had his or her own computa-
tional device. 

While these visions and prototypes 
explored applications for every indi-
vidual, the PC industry did not take o* 

until the adoption of the spreadsheet for 
use in businesses. Using the metaphor 
of the accountant’s ledger, electronic 
spreadsheets became an essential tool 
for accounting and forecasting func-
tions. Once businesses had invested 
in PCs for many of their employees, 
follow-on applications such as database 
management and document processing 
programs leveraged this investment 
and encouraged further purchases, with 
PCs eventually moving into homes.

Generation 3: 
Ubiquitous computing
By the late 1980s, personal computing 
had taken hold and new visionaries 
were dreaming of what was to come 
next. Weiser !rst articulated a com-
puting revolution by claiming that the 
human–computer relationship would 
lure individuals to own and interact 
with multiple devices. Weiser, as well 
as Ken Sakamura (University of Tok-
yo), Andy Hopper (Olivetti Research 
Laboratory), and William Newman 
and Michael Lamming (RankXerox 
EuroPARC), also envisioned compu-
tational devices of di*erent sizes and 
capabilities. Weiser used the analogy 
of inch-, foot-, and yard-scale devices 
that di*ered not only in size but also 
in mobility and ownership. 

Two applications spurred ownership 
of inch-scale devices in the mid-1990s. 
First, simpli!ed synchronization of PC–
based calendar and contact information 
to pocket-sized PDAs pushed the sale 
of those devices to busy, highly mobile 

TABLE 1. A framework for comparing computing generations, inspired by Mark Weiser.

Generation Time frame
Human–computer 
ratio Canonical device

Application

Initial Follow-on

1 Mid-1930s Many–1 Mainframe Scientific calculation Data processing

2 Late 1960s 1–1 PC Spreadsheet Database management, 
document processing

3 Late 1980s 1–many Inch/foot/yard Calendar and contact 
management, human–
human communication

Location-based services, 
social media, app ecosystem, 
education

4 Mid-2000s Many–many Cloud/crowd/shroud Personal navigation and 
entertainment

Health advisors, educational 
assistants, supply chain logistics

___________________

L I F E  A F T E R  M O O R E ’ S  L A W :  H P C  I S  D E A D ,  L O N G  L I V E  H P C !

HPC “trickles down” to 
commerce

Gregory Abowd (GT). “Beyond Weiser: From ubiquitous computing 
to collective computing.” DOI: 10.1109/MC.2016.22

https://dx.doi.org/10.1109/MC.2016.22
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cations that encouraged and then 
leveraged wide-scale adoption of those 
technologies.2 In progressing from one 
generation to the next, the previous 
generations’ devices and applications 
do not disappear but, rather, are aug-
mented by those of the next generation.

Generation 1: The mainframe
Automated computing’s origins can be 
traced back many centuries. The !rst 
vision leading to practical implementa-
tion was Alan Turing’s 1936 formulation 
of a computational engine, the so-called 
Turing machine, which has since in(u-
enced the architecture of computa-
tional devices.3 Turing’s ideas and work 
inspired the creation of automated com-
puting machines during World War II.

The assumption of the human–
computer relationship was that a 

single “mainframe” device would sup-
port many individuals, initially one 
at a time but eventually in seemingly 
simultaneous fashion. Ironically, the 
initial “killer app” for this !rst gener-
ation of mainframe computing was to 
help military powers decrypt enemy 
messages and calculate ballistics to 
more accurately target their forces. 
Once the war ended, large corpora-
tions realized that mainframes could 
automate much of their data process-
ing needs. They acquired their own 
mainframes to support business activ-
ities involving important but tedious 
calculations, such as accounting.

Generation 2: The PC
By the late 1960s, visionaries like 
J.C.R. Licklider recognized opportuni-
ties for boosting human performance 
through enhanced connection to com-
putation. Douglas Engelbart’s NLS/
Augment project, famously demon-
strated in 1968, showed for the !rst 
time how computing could augment 
human cognitive and communicative 
capabilities. Alan Kay and his Xerox 
PARC colleagues—inspired by the 
Ethernet, raster displays, and laser 
printing—created the !rst examples 
of a “personal” computer. This device 
transformed the human–computer 
relationship into one where each indi-
vidual had his or her own computa-
tional device. 

While these visions and prototypes 
explored applications for every indi-
vidual, the PC industry did not take o* 

until the adoption of the spreadsheet for 
use in businesses. Using the metaphor 
of the accountant’s ledger, electronic 
spreadsheets became an essential tool 
for accounting and forecasting func-
tions. Once businesses had invested 
in PCs for many of their employees, 
follow-on applications such as database 
management and document processing 
programs leveraged this investment 
and encouraged further purchases, with 
PCs eventually moving into homes.

Generation 3: 
Ubiquitous computing
By the late 1980s, personal computing 
had taken hold and new visionaries 
were dreaming of what was to come 
next. Weiser !rst articulated a com-
puting revolution by claiming that the 
human–computer relationship would 
lure individuals to own and interact 
with multiple devices. Weiser, as well 
as Ken Sakamura (University of Tok-
yo), Andy Hopper (Olivetti Research 
Laboratory), and William Newman 
and Michael Lamming (RankXerox 
EuroPARC), also envisioned compu-
tational devices of di*erent sizes and 
capabilities. Weiser used the analogy 
of inch-, foot-, and yard-scale devices 
that di*ered not only in size but also 
in mobility and ownership. 

Two applications spurred ownership 
of inch-scale devices in the mid-1990s. 
First, simpli!ed synchronization of PC–
based calendar and contact information 
to pocket-sized PDAs pushed the sale 
of those devices to busy, highly mobile 

TABLE 1. A framework for comparing computing generations, inspired by Mark Weiser.

Generation Time frame
Human–computer 
ratio Canonical device

Application

Initial Follow-on

1 Mid-1930s Many–1 Mainframe Scientific calculation Data processing

2 Late 1960s 1–1 PC Spreadsheet Database management, 
document processing

3 Late 1980s 1–many Inch/foot/yard Calendar and contact 
management, human–
human communication

Location-based services, 
social media, app ecosystem, 
education

4 Mid-2000s Many–many Cloud/crowd/shroud Personal navigation and 
entertainment

Health advisors, educational 
assistants, supply chain logistics

___________________
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These are real 
supercomputers…



2x 56c Intel Sapphire Rapids Host CPUs
2.0 TB DDR5-4800 Host DRAM

8x NVIDIA H100 / 80 GB HBM
8x AMD MI300X / 192 GB HBM GPU options

8x 3.84 TB E1.S NVMe
1x 960 GB M.2 NVMe
2x 1.92 TB M.2 NVMe

Local scratch
Boot disk
Service cache

8x400G NDR InfiniBand
Microsoft 100G SmartNIC

Backend NICs
Frontend NIC

Inside an Azure NDv5 compute node
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Future supercomputers 
will be tuned for (cloud-based) 
LLM workloads. 

What will those look like?
28
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Calculon

Co-designing 
supercomputers 
& LLMs
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Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis 1:19

P1

P2

P3

(a) Data Parallelism

P1
P2
P3

P1
P2
P3

(b) Model Parallelism

P1 P2 P3

(c) Layer Pipelining
Fig. 14. Neural Network Parallelism Schemes

It could be argued that the use of minibatches in SGD for neural networks was initially driven by
data parallelism. Farber and Asanović [73] used multiple vector accelerator microprocessors (Spert-II)
to parallelize error backpropagation for neural network training. To support data parallelism, the
paper presents a version of delayed gradient updates called “bunch mode”, where the gradient is
updated several times prior to updating the weights, essentially equivalent to minibatch SGD.
One of the earliest occurrences of mapping DNN computations to data parallel architectures

(e.g., GPUs) were performed by Raina et al. [200]. The paper focuses on the problem of training Deep
Belief Networks[97], mapping the unsupervised training procedure to GPUs by running minibatch
SGD. The paper shows speedup of up to 72.6⇥ over CPU when training Restricted Boltzmann
Machines. Today, data parallelism is supported by the vast majority of deep learning frameworks,
using a single GPU, multiple GPUs, or a cluster of multi-GPU nodes.
The scaling of data parallelism is naturally de�ned by the minibatch size (Table 4). Apart from

Batch Normalization (BN)[117], all operators mentioned in Section 4 operate on a single sample at a
time, so forward evaluation and backpropagation are almost completely independent. In the weight
update phase, however, the results of the partitions have to be averaged to obtain the gradient
w.r.t. the whole minibatch, which potentially induces an allreduce operation. Furthermore, in this
partitioning method, all DNN parameters have to be accessible for all participating devices, which
means that they should be replicated.

6.1.1 Neural Architecture Support for Large Minibatches. By applying various modi�cations
to the training process, recent works have successfully managed to increase minibatch size to
8k samples[83], 32k samples[249], and even 64k[218] without losing considerable accuracy. While
the generalization issue still exists (Section 3), it is not as severe as claimed in prior works[211].
One bottleneck that hinders scaling of data parallelism, however, is the BN operator, which re-
quires a full synchronization point upon invocation. Since BN recurs multiple times in some DNN
architectures[93], this is too costly. Thus, popular implementations of BN follow the approach
driven by large-batch papers[83,105,249], in which small subsets (e.g., 32 samples) of the minibatch
are normalized independently. If at least 32 samples are scheduled to each processor, then this
synchronization point is local, which in turn increases scaling.
Another approach to the BN problem is to de�ne a di�erent operator altogether. Weight Nor-

malization (WN)[208] proposes to separate the parameter (w) norm from its directionality by way
of re-parameterization. In WN, the weights are de�ned as w =

⇣
�
k� k

⌘
· � , where � represents

weight magnitude and � a normalized direction (as changing the magnitude of � will not introduce
changes in r`). WN decreases the depth (D) of the operator from O(logN ) to O(1), removing
inter-dependencies within the minibatch. According to the authors, WN reduces the need for BN,
achieving comparable accuracy using a simpli�ed version of BN (without variance correction).

6.1.2 Coarse- and Fine-Grained Data Parallelism. Additional approaches for data parallelism
were proposed in literature. In ParallelSGD[266], SGD is run (possibly with minibatches) k times in

Ben-Nun & Hoefler (2019). “Demystifying parallel and distributed deep learning: an in-depth concurrency analysis.” 
doi:10.1145/3320060

(Tensor)

https://doi.org/10.1145/3320060
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Figure 1: The transformer block structure of Megatron

Table 1: Optimizations related to LLM training grouped in families related to a system component or particular parallelism they
target. Families and optimizations within families are sorted by year. The presented relative signi�cance of each optimization’s
e�ect is subjective and based on experimental evaluation of the search space.

Optimization Year Related
system

Comp
time

Comp
util

Mem
time

Mem
cap

Mem
BW

Net
time

Net
BW range

Data parallelism (DP) [61] 1989 network – "" – """""" – "" "" 1 .. batch
DP overlap [25] 2017 network "" ## – – – ###### – true/false
Optimizer sharding [24] 2019 network ## – – #### – – – true/false
Recompute [5, 10] 2000 compute """" – – ###### – – – full/attn/none
Fused layers [28] 2018 compute – """" #### #### ## – – true/false
Microbatch training [13] 2019 compute – """" – """""" – – – 1 .. batch/DP
Pipeline parallelism (PP) [7, 13] 2012 network "" #### – #### – "" "" 1 .. blocks
PP 1F1B schedule [7, 32] 2012 network – – – #### – – – true/false
PP interleaving [33] 2021 network ## """" – "" – "" """" 1 .. blocks/PP
PP RS + AG [21] 2022 network – – – – – ## #### true/false
Tensor parallelism (TP) [7, 22, 49] 2012 network #### ## – #### #### """""" """""" 1 .. attn
TP RS + AG instead AR [33] 2021 network – – "" "" – ## ## true/false
Sequence parallelism (SP) [21] 2022 network ## – ## #### ## "" "" true/false
TP redo for SP [21] 2022 network – – – ## – "" "" true/false
TP overlap [58] 2022 network "" ## – – – #### – true/false
Weight o�oad [48] 2021 memory – – "" ###### "" – – true/false
Activation o�oad [48] 2021 memory – – "" ###### "" – – true/false
Optimizer o�oad [48] 2021 memory – – "" ## "" – – true/false

Each computational operation (e.g., GEMM) is fed to a processing
model that determines how long it will take. The model uses a
combination of the time spent in raw compute (i.e., FLOPs) and the
amount of time in raw memory accesses, which closely matches
the performance of real processors [39].

Each processor is able to connect to an arbitrary number of
networks. Each network is programmed with a size, bandwidth,
latency, and e�ciency. A network also has a speci�cation of how
it handles each speci�c operation, which is also the mechanism
that models the performance bene�ts of in-network collectives [38].
Each network also has a value of how much processing power is
taken from the processor while the network is operating at full band-
width. This value is explicitly used when modeling the performance
degradation of overlapping communication with computation.

2.3 Execution Con�guration
Many performance optimization techniques and implementation
strategies have been proposed for transformer-basedmodel training.
We surveyed these methods and present them in Table 1. 2

Calculon implements all the optimizations from the Table 1,
column “range” of which refers to the acceptable range of each
technique as an input parameter of Calculon. The full space of
techniques that Calculon describes grows combinatorially, and this
is the biggest challenge for the implementation. While individual
techniques can be described with formulae, they must be combined
carefully to ensure their interactions are captured and feasibility
constraints are accounted for.

We use the regular structure of transformer models and analyze
only a single transformer block, nevertheless distinguishing edge
blocks with point-to-point communication for PP. We separate the

2An extended appendix with full formulae was redacted due page limit and will be
available at �nal submission, however, all the formulae are publicly available in the
referenced papers.
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Figure 1: The transformer block structure of Megatron

Table 1: Optimizations related to LLM training grouped in families related to a system component or particular parallelism they
target. Families and optimizations within families are sorted by year. The presented relative signi�cance of each optimization’s
e�ect is subjective and based on experimental evaluation of the search space.
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Each computational operation (e.g., GEMM) is fed to a processing
model that determines how long it will take. The model uses a
combination of the time spent in raw compute (i.e., FLOPs) and the
amount of time in raw memory accesses, which closely matches
the performance of real processors [39].

Each processor is able to connect to an arbitrary number of
networks. Each network is programmed with a size, bandwidth,
latency, and e�ciency. A network also has a speci�cation of how
it handles each speci�c operation, which is also the mechanism
that models the performance bene�ts of in-network collectives [38].
Each network also has a value of how much processing power is
taken from the processor while the network is operating at full band-
width. This value is explicitly used when modeling the performance
degradation of overlapping communication with computation.

2.3 Execution Con�guration
Many performance optimization techniques and implementation
strategies have been proposed for transformer-basedmodel training.
We surveyed these methods and present them in Table 1. 2

Calculon implements all the optimizations from the Table 1,
column “range” of which refers to the acceptable range of each
technique as an input parameter of Calculon. The full space of
techniques that Calculon describes grows combinatorially, and this
is the biggest challenge for the implementation. While individual
techniques can be described with formulae, they must be combined
carefully to ensure their interactions are captured and feasibility
constraints are accounted for.

We use the regular structure of transformer models and analyze
only a single transformer block, nevertheless distinguishing edge
blocks with point-to-point communication for PP. We separate the

2An extended appendix with full formulae was redacted due page limit and will be
available at �nal submission, however, all the formulae are publicly available in the
referenced papers.
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Each computational operation (e.g., GEMM) is fed to a processing
model that determines how long it will take. The model uses a
combination of the time spent in raw compute (i.e., FLOPs) and the
amount of time in raw memory accesses, which closely matches
the performance of real processors [39].

Each processor is able to connect to an arbitrary number of
networks. Each network is programmed with a size, bandwidth,
latency, and e�ciency. A network also has a speci�cation of how
it handles each speci�c operation, which is also the mechanism
that models the performance bene�ts of in-network collectives [38].
Each network also has a value of how much processing power is
taken from the processor while the network is operating at full band-
width. This value is explicitly used when modeling the performance
degradation of overlapping communication with computation.

2.3 Execution Con�guration
Many performance optimization techniques and implementation
strategies have been proposed for transformer-basedmodel training.
We surveyed these methods and present them in Table 1. 2

Calculon implements all the optimizations from the Table 1,
column “range” of which refers to the acceptable range of each
technique as an input parameter of Calculon. The full space of
techniques that Calculon describes grows combinatorially, and this
is the biggest challenge for the implementation. While individual
techniques can be described with formulae, they must be combined
carefully to ensure their interactions are captured and feasibility
constraints are accounted for.

We use the regular structure of transformer models and analyze
only a single transformer block, nevertheless distinguishing edge
blocks with point-to-point communication for PP. We separate the

2An extended appendix with full formulae was redacted due page limit and will be
available at �nal submission, however, all the formulae are publicly available in the
referenced papers.
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Each computational operation (e.g., GEMM) is fed to a processing
model that determines how long it will take. The model uses a
combination of the time spent in raw compute (i.e., FLOPs) and the
amount of time in raw memory accesses, which closely matches
the performance of real processors [39].

Each processor is able to connect to an arbitrary number of
networks. Each network is programmed with a size, bandwidth,
latency, and e�ciency. A network also has a speci�cation of how
it handles each speci�c operation, which is also the mechanism
that models the performance bene�ts of in-network collectives [38].
Each network also has a value of how much processing power is
taken from the processor while the network is operating at full band-
width. This value is explicitly used when modeling the performance
degradation of overlapping communication with computation.

2.3 Execution Con�guration
Many performance optimization techniques and implementation
strategies have been proposed for transformer-basedmodel training.
We surveyed these methods and present them in Table 1. 2

Calculon implements all the optimizations from the Table 1,
column “range” of which refers to the acceptable range of each
technique as an input parameter of Calculon. The full space of
techniques that Calculon describes grows combinatorially, and this
is the biggest challenge for the implementation. While individual
techniques can be described with formulae, they must be combined
carefully to ensure their interactions are captured and feasibility
constraints are accounted for.

We use the regular structure of transformer models and analyze
only a single transformer block, nevertheless distinguishing edge
blocks with point-to-point communication for PP. We separate the

2An extended appendix with full formulae was redacted due page limit and will be
available at �nal submission, however, all the formulae are publicly available in the
referenced papers.
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Each computational operation (e.g., GEMM) is fed to a processing
model that determines how long it will take. The model uses a
combination of the time spent in raw compute (i.e., FLOPs) and the
amount of time in raw memory accesses, which closely matches
the performance of real processors [39].

Each processor is able to connect to an arbitrary number of
networks. Each network is programmed with a size, bandwidth,
latency, and e�ciency. A network also has a speci�cation of how
it handles each speci�c operation, which is also the mechanism
that models the performance bene�ts of in-network collectives [38].
Each network also has a value of how much processing power is
taken from the processor while the network is operating at full band-
width. This value is explicitly used when modeling the performance
degradation of overlapping communication with computation.

2.3 Execution Con�guration
Many performance optimization techniques and implementation
strategies have been proposed for transformer-basedmodel training.
We surveyed these methods and present them in Table 1. 2

Calculon implements all the optimizations from the Table 1,
column “range” of which refers to the acceptable range of each
technique as an input parameter of Calculon. The full space of
techniques that Calculon describes grows combinatorially, and this
is the biggest challenge for the implementation. While individual
techniques can be described with formulae, they must be combined
carefully to ensure their interactions are captured and feasibility
constraints are accounted for.

We use the regular structure of transformer models and analyze
only a single transformer block, nevertheless distinguishing edge
blocks with point-to-point communication for PP. We separate the

2An extended appendix with full formulae was redacted due page limit and will be
available at �nal submission, however, all the formulae are publicly available in the
referenced papers.
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model that determines how long it will take. The model uses a
combination of the time spent in raw compute (i.e., FLOPs) and the
amount of time in raw memory accesses, which closely matches
the performance of real processors [39].

Each processor is able to connect to an arbitrary number of
networks. Each network is programmed with a size, bandwidth,
latency, and e�ciency. A network also has a speci�cation of how
it handles each speci�c operation, which is also the mechanism
that models the performance bene�ts of in-network collectives [38].
Each network also has a value of how much processing power is
taken from the processor while the network is operating at full band-
width. This value is explicitly used when modeling the performance
degradation of overlapping communication with computation.

2.3 Execution Con�guration
Many performance optimization techniques and implementation
strategies have been proposed for transformer-basedmodel training.
We surveyed these methods and present them in Table 1. 2

Calculon implements all the optimizations from the Table 1,
column “range” of which refers to the acceptable range of each
technique as an input parameter of Calculon. The full space of
techniques that Calculon describes grows combinatorially, and this
is the biggest challenge for the implementation. While individual
techniques can be described with formulae, they must be combined
carefully to ensure their interactions are captured and feasibility
constraints are accounted for.

We use the regular structure of transformer models and analyze
only a single transformer block, nevertheless distinguishing edge
blocks with point-to-point communication for PP. We separate the
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)
Bact

M
BLK
act checkpoint = batch↑ seq↑ hidden Bact (2.14)

In the presence of TP as defined by Megatron [25], most of these values scale down by

a factor of TP except for the activation space:

Flops
BLK
fw → Flops

BLK
recomp → Flops

BLK
agrad → Flops

BLK
wgrad →

12 batch↑ seq↑ hidden
2

TP

M
BLK
weight → 12 hidden2

Bweight

TP

M
BLK
act → batch↑ seq↑ hidden↑

(
4Bact + 2 +

12Bact

TP
+ (2Bact + 1)

attn↑ seq

TP ↑ hidden

)
Bact

M
BLK
act checkpoint =

batch↑ seq↑ hidden Bact

TP
. (2.15)

For the case of partial activation recomputation [91], attention-related activations are not

stored, and activation space becomes:

M
BLK
act → batch↑ seq↑ hidden↑

(
4Bact + 2 +

12Bact

TP

)
Bact. (2.16)

In addition to Flops, memory, and time related statistics, on the block level Calculon

gathers network related statistics as well. While TP communication statistics are only

aggregated at the layer level, PP communication is modeled on the block level as it involves

interactions between blocks. Consider a scheme that splits all blocks of the LLM between

PP processors so every processor has blocksproc contiguous blocks. Then the first block

receives data from the previous layer located on the previous processor in the pipeline, and

the last block sends the data to the next processor that holds the next LLM block in the
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Optimization Year Related
system

Comp
time

Comp
util

Mem
time

Mem
cap

Mem
BW

Net
time

Net
BW range

Data parallelism (DP) [61] 1989 network – "" – """""" – "" "" 1 .. batch
DP overlap [25] 2017 network "" ## – – – ###### – true/false
Optimizer sharding [24] 2019 network ## – – #### – – – true/false
Recompute [5, 10] 2000 compute """" – – ###### – – – full/attn/none
Fused layers [28] 2018 compute – """" #### #### ## – – true/false
Microbatch training [13] 2019 compute – """" – """""" – – – 1 .. batch/DP
Pipeline parallelism (PP) [7, 13] 2012 network "" #### – #### – "" "" 1 .. blocks
PP 1F1B schedule [7, 32] 2012 network – – – #### – – – true/false
PP interleaving [33] 2021 network ## """" – "" – "" """" 1 .. blocks/PP
PP RS + AG [21] 2022 network – – – – – ## #### true/false
Tensor parallelism (TP) [7, 22, 49] 2012 network #### ## – #### #### """""" """""" 1 .. attn
TP RS + AG instead AR [33] 2021 network – – "" "" – ## ## true/false
Sequence parallelism (SP) [21] 2022 network ## – ## #### ## "" "" true/false
TP redo for SP [21] 2022 network – – – ## – "" "" true/false
TP overlap [58] 2022 network "" ## – – – #### – true/false
Weight o�oad [48] 2021 memory – – "" ###### "" – – true/false
Activation o�oad [48] 2021 memory – – "" ###### "" – – true/false
Optimizer o�oad [48] 2021 memory – – "" ## "" – – true/false
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Six case studies 1. Comparing data vs. tensor vs. pipeline parallelism: Can 
combine and tune to manage time-space tradeoffs 

2.Characterizing the “speed distribution:” An optimal 
configuration can be a “needle in a haystack” 

3.Strong scaling analysis: Speed “cliffs” and “plateaus” 
exist due to “awkward mappings” 

4.Offload memory: Slow, “low” bandwidth memory can 
dramatically reduce fast memory capacity requirements 

5.Price-performance analysis: How should you set up your 
next $100 million system? 

6.Next-gen models: What happens at 100 trillion 
parameters (and beyond)?
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Applying Calculon and interpreting its 
results.
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Data vs. tensor vs. pipeline parallelism 
(d * t * p = 4096)

Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis 1:19

P1

P2

P3

(a) Data Parallelism

P1
P2
P3

P1
P2
P3

(b) Model Parallelism

P1 P2 P3

(c) Layer Pipelining
Fig. 14. Neural Network Parallelism Schemes

It could be argued that the use of minibatches in SGD for neural networks was initially driven by
data parallelism. Farber and Asanović [73] used multiple vector accelerator microprocessors (Spert-II)
to parallelize error backpropagation for neural network training. To support data parallelism, the
paper presents a version of delayed gradient updates called “bunch mode”, where the gradient is
updated several times prior to updating the weights, essentially equivalent to minibatch SGD.
One of the earliest occurrences of mapping DNN computations to data parallel architectures

(e.g., GPUs) were performed by Raina et al. [200]. The paper focuses on the problem of training Deep
Belief Networks[97], mapping the unsupervised training procedure to GPUs by running minibatch
SGD. The paper shows speedup of up to 72.6⇥ over CPU when training Restricted Boltzmann
Machines. Today, data parallelism is supported by the vast majority of deep learning frameworks,
using a single GPU, multiple GPUs, or a cluster of multi-GPU nodes.
The scaling of data parallelism is naturally de�ned by the minibatch size (Table 4). Apart from

Batch Normalization (BN)[117], all operators mentioned in Section 4 operate on a single sample at a
time, so forward evaluation and backpropagation are almost completely independent. In the weight
update phase, however, the results of the partitions have to be averaged to obtain the gradient
w.r.t. the whole minibatch, which potentially induces an allreduce operation. Furthermore, in this
partitioning method, all DNN parameters have to be accessible for all participating devices, which
means that they should be replicated.

6.1.1 Neural Architecture Support for Large Minibatches. By applying various modi�cations
to the training process, recent works have successfully managed to increase minibatch size to
8k samples[83], 32k samples[249], and even 64k[218] without losing considerable accuracy. While
the generalization issue still exists (Section 3), it is not as severe as claimed in prior works[211].
One bottleneck that hinders scaling of data parallelism, however, is the BN operator, which re-
quires a full synchronization point upon invocation. Since BN recurs multiple times in some DNN
architectures[93], this is too costly. Thus, popular implementations of BN follow the approach
driven by large-batch papers[83,105,249], in which small subsets (e.g., 32 samples) of the minibatch
are normalized independently. If at least 32 samples are scheduled to each processor, then this
synchronization point is local, which in turn increases scaling.
Another approach to the BN problem is to de�ne a di�erent operator altogether. Weight Nor-

malization (WN)[208] proposes to separate the parameter (w) norm from its directionality by way
of re-parameterization. In WN, the weights are de�ned as w =

⇣
�
k� k

⌘
· � , where � represents

weight magnitude and � a normalized direction (as changing the magnitude of � will not introduce
changes in r`). WN decreases the depth (D) of the operator from O(logN ) to O(1), removing
inter-dependencies within the minibatch. According to the authors, WN reduces the need for BN,
achieving comparable accuracy using a simpli�ed version of BN (without variance correction).

6.1.2 Coarse- and Fine-Grained Data Parallelism. Additional approaches for data parallelism
were proposed in literature. In ParallelSGD[266], SGD is run (possibly with minibatches) k times in
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a) Sample/s (↑) & GiB (↓) 
b) GB/s (↓) & GiB (↓) 
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(t,p) = (1,2): 
38 sample/s 

72 GiB fast mem. 
455 GB/s offload bw. 

1 TiB slow mem.

Consider the slowest configuration in this space…
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(t,p) = (8,2): 
250 sample/s 

18 GiB fast mem. 
131 GB/s offload bw. 
549 GiB slow mem.

The fastest, by change in parallelization strategy, is: 
6.5x faster, using 
75% less fast memory, 
71% less offload bandwidth, and 
45% less slow memory.
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(t,p) = (32,32): 
192 sample/s 

9 GiB fast mem. 
381 GB/s offload bw. 
102 GiB slow mem.

If fast memory is a premium, another configuration is 
5x faster (vs 6.5x), using 
88% less fast memory (vs. 75%), 
16% less offload bandwidth (vs. 71%), and 
29% less slow memory (vs. 45%).



Six case studies 
(recap)

1. Comparing data vs. tensor vs. pipeline parallelism: Can 
combine and tune to manage time-space tradeoffs 

2.Characterizing the “speed distribution:” An optimal 
configuration can be a “needle in a haystack” 

3.Strong scaling analysis: Speed “cliffs” and “plateaus” 
exist due to “awkward mappings” 

4.Offload memory: Slow, “low” bandwidth memory can 
dramatically reduce fast memory capacity requirements 

5.Price-performance analysis: How should you set up your 
next $100 million system? 

6.Next-gen models: What happens at 100 trillion 
parameters (and beyond)?
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Applying Calculon and interpreting its 
results.
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Aside: 

Algorithmic aspects 
of overlapping 
computation & 
communication
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See: Isaev, Eswar, V. (SPAA’25): “Brief announcement: Optimality conditions for parallel communication-
avoiding matrix multiplication with overlapped communication.”

contiguously on each processor, after which the last
round of 1D FFTs can be performed locally. This is
the partitioning used by the NAS FT benchmark [9].
We do not consider it here because on our hypothetical
exascale machine it would require a problem so large it
would take a very long time to solve. With 228 proces-
sors, there would need to be at least 228 square planes
that each have a row size of 228, which means at least
284 ≈ 1.93 × 1025 elements. The computation time
alone for solving this problem (tc N

P log2 N ) would be
a little over 19 years.

The second approach, which we call pencils, divides
the collections of planes from the slabs approach into
smaller pieces. Assume P = p × p, and divide two of
the three dimensions of the cube by p. This gives each
processor n

p × n
p × n elements. Now only one of the

rounds of 1D FFTs can be performed locally, and two
communication steps will be needed to rearrange the
data to make it contiguous in the other two dimensions
so that 1D FFTs can be performed in those directions
as well. In this case, with 228 processors, there must
be at least 214×214×214 = 242 ≈ 4.4×1012 elements
total, which is a much more manageable problem
size. The time required for just the computation on
our hypothetical exascale machine would be 68.8 µs.
Therefore, we only consider the pencils approach.

For performance models, we consider a simple
LogP-based model in which we assume no overlap of
communication and computation, and a more compli-
cated model in which there is substantial overlap of
communication and computation.

3.2.1. No Overlap Model. If we do not consider
overlap of communication, we get that each processor
computes its portion of the data, and during each
communication round has to communicate with p
other processors. The corresponding expression for the
runtime of the 3D FFT using the LogP performance
model is

T = tc
N

P
log2 N + 2(p − 1)(L + o) + 2(p − 2)g

Note that we do not do any latency-hiding, because
we treat the latency here as the cost to send the entire
message, not just the first word.

3.2.2. Overlap Model. Now allowing overlap of com-
munication and computation, we set up another per-
formance model, using instead of LogP the LogGP
model [10] which extends it by adding a bandwidth
term G that represents a per-unit cost of transferring
data over the network. The model assumes that one
n × n

p sheet is computed at a time, with communi-
cation of each sheet occurring after its computation,

Figure 1. Partitioning of cube into slabs (top) and
pencils (bottom) for parallel 3D FFT.

in a pipeline fashion with n
p + 1 stages total. The

computation of the first sheet and the communication
of the last sheet are not overlapped with anything, but
the computation of the remaining n

p −1 sheets and the
communication of the first n

p −1 sheets are overlapped
with each other. Figure 2 diagrams the model showing
the communication and computation of two sheets. The
expression we get for the runtime is

T = 2
[
tc

n

p
n log2 n + (p − 1)o + (p − 2)g +

n

p
nG

+ L +
(

n

p
− 1

)
max

{
(p − 1)o + tc

n

p
n log2 n,

(p − 1)g +
n

p
nG + L

}]
+ tc

n2

p2
n log2 n

In the model, G is in units of seconds per double word.
It corresponds to the link bandwidth, here called l, by
the relation l = 8

109G , where l is in units of GB/s.
It is also possible to compute and then communicate

one row at a time instead of one sheet at a time, or
some amount of data in between a row and a sheet.
For simplicity, we do not consider these cases here.
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Compute Communicate… …

Compute

Communicate

… …

Overlap:

Avoid:

Compute… …Comm.

Theorists regard 
overlap as 
“engineering,” largely 
ignoring it
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Matrix multiply: 1D vs. 2D vs. 3D (“comm. avoiding”) algorithms
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Matrix multiply: 1D vs. 2D vs. 3D (“comm. avoiding”) algorithms
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Matrix multiply: 1D vs. 2D vs. 3D (“comm. avoiding”) algorithms

At this many processes, 
3D is faster than 2D

(as functions of problem size)
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Now consider overlap and execution time:
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Now consider overlap and execution time:

Minimum bandwidths 
needed for perfect overlap
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Now consider overlap and execution time:

New crossover ~ 11x larger!
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Minimum bandwidths 
needed for perfect overlap
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Matrix multiply: 2D vs. 3D (“comm. avoiding”) algorithms



What’s next? 

Modeling physical 
characteristics of data 
center
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S U P E R C O M P U T E R S ,  R E A L  &  I M A G I N E D  @  I C E R M

See: Upcoming HPEC’25 paper on Calculon + ExaDigiT (a “data center digital twin” by ORNL)
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What should we build?

What will we build?

What could we build?



What if you 
start from 
scratch?
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S U P E R C O M P U T E R S ,  R E A L  &  I M A G I N E D  @  I C E R M

Kent Czechowski (OJO Labs) & Rich Vuduc (GT) — IPDPS13 doi:10.1109/IPDPS.2013.99

https://doi.org/10.1109/IPDPS.2013.99
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Memory

xPU

Memory

xPU

Memory

$ $ $

$ $ $

$ $ $

What is “starting from scratch?”

K. Czechowski (OJO Labs) & R. Vuduc (GT) — IPDPS13



90

xPU

Memory

xPU

Memory

xPU

Memory

xPU

Memory

xPU

Memory

xPU

Memory

xPU

Memory

xPU

Memory

xPU

Memory

$ $ $

$ $ $

$ $ $

K. Czechowski (OJO Labs) & R. Vuduc (GT) — IPDPS13



91Problem: 

Given an algorithm 
and a fixed power 
           & transistor budget, 
pick the cores, caches, topology, 
        & all speeds and feeds 
to minimize execution time.

K. Czechowski (OJO Labs) & R. Vuduc (GT) — IPDPS13



92Problem: 

Given an algorithm 
and a fixed power 
           & transistor budget, 
pick the cores, caches, topology, 
        & all speeds and feeds 
to minimize execution time.

(Constraints!)

K. Czechowski (OJO Labs) & R. Vuduc (GT) — IPDPS13
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94Problem: 

Given an algorithm 
and a fixed power 
           & transistor budget, 
pick the cores, caches, topology, 
        & all speeds and feeds 
to minimize execution time.

K. Czechowski (OJO Labs) & R. Vuduc (GT) — IPDPS13



95Power allocation for an “optimal” matrix multiply machine?

K. Czechowski (OJO Labs) & R. Vuduc (GT) — IPDPS13
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Figure 24: Hardware configurations for the hypothetical machines. The subplots
break down the power and die area resource allocations.
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Figure 25: Relative execution times for the hypothetical machines. The subplots
show execution time relative to the ieal FFT, Stencil, and MatMult configurations.

optimally tuned for the corresponding algorithm, though recall that the model is for a

general-purpose system. Figure 24 shows how resources are allocated in each of these

tuned configurations, as well as in the proposed Echelon configuration. Figure 25

shows execution times for each of the hypothetical machines on the 3D FFT, stencil,

and matrix multiply workloads. We can make a number of observations about these

86

Power allocation for an “optimal” matrix multiply machine

15.9% network
12.8% node overhead 
+ 2.9% on-chip network
7.5% memory bandwidth

60.9% compute
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Figure 24: Hardware configurations for the hypothetical machines. The subplots
break down the power and die area resource allocations.
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Figure 25: Relative execution times for the hypothetical machines. The subplots
show execution time relative to the ieal FFT, Stencil, and MatMult configurations.

optimally tuned for the corresponding algorithm, though recall that the model is for a

general-purpose system. Figure 24 shows how resources are allocated in each of these

tuned configurations, as well as in the proposed Echelon configuration. Figure 25

shows execution times for each of the hypothetical machines on the 3D FFT, stencil,

and matrix multiply workloads. We can make a number of observations about these

86

Power allocation for an “optimal” matrix multiply machine

15.9% network
12.8% node overhead 
+ 2.9% on-chip network
7.5% memory bandwidth

60.9% compute

ORNL Summit (13-14 MW): 
67.0% GPU compute 
14.9% CPU compute 

4.8% memory 
5.3% network + disk 
8% node overhead

P.S.: Rmax / Rpeak ~ 75%



98Power allocation for an “optimal” 3D FFT machine?

K. Czechowski (OJO Labs) & R. Vuduc (GT) — IPDPS13
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Figure 24: Hardware configurations for the hypothetical machines. The subplots
break down the power and die area resource allocations.
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Figure 25: Relative execution times for the hypothetical machines. The subplots
show execution time relative to the ieal FFT, Stencil, and MatMult configurations.

optimally tuned for the corresponding algorithm, though recall that the model is for a

general-purpose system. Figure 24 shows how resources are allocated in each of these

tuned configurations, as well as in the proposed Echelon configuration. Figure 25

shows execution times for each of the hypothetical machines on the 3D FFT, stencil,

and matrix multiply workloads. We can make a number of observations about these

86

Power allocation for an “optimal” 3D FFT machine

66.7% network

2.5% on-chip network

17.4% mem bw

13.4% compute
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Figure 24: Hardware configurations for the hypothetical machines. The subplots
break down the power and die area resource allocations.
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Figure 25: Relative execution times for the hypothetical machines. The subplots
show execution time relative to the ieal FFT, Stencil, and MatMult configurations.

optimally tuned for the corresponding algorithm, though recall that the model is for a

general-purpose system. Figure 24 shows how resources are allocated in each of these

tuned configurations, as well as in the proposed Echelon configuration. Figure 25

shows execution times for each of the hypothetical machines on the 3D FFT, stencil,

and matrix multiply workloads. We can make a number of observations about these
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3D FFT vs. “Stencil” machines

66.7% network

2.5% on-chip network

17.4% mem bw

13.4% compute
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Figure 24: Hardware configurations for the hypothetical machines. The subplots
break down the power and die area resource allocations.
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Figure 25: Relative execution times for the hypothetical machines. The subplots
show execution time relative to the ieal FFT, Stencil, and MatMult configurations.

optimally tuned for the corresponding algorithm, though recall that the model is for a

general-purpose system. Figure 24 shows how resources are allocated in each of these

tuned configurations, as well as in the proposed Echelon configuration. Figure 25

shows execution times for each of the hypothetical machines on the 3D FFT, stencil,

and matrix multiply workloads. We can make a number of observations about these
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6.4% network
4.7% node overhead 

1.6% on-chip network

68.4% mem bw

18.9% compute
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Demand, supply, … 
and new demand?

Follow the money: Our 
supercomputers will be 
machines tuned for AI. 
What could such 
machines look like? A 
performance model 
might tell you. 
What else could and 
should we build???
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