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ABSTRACT

Thanks to the death of Dennard scaling and the slowing of Moore’s Law, future
compute platforms are becoming increasingly complex as they attempt to continue to
scale either overall performance or performance efficiency. Consequently, analyzing the
performance of such systems has also become an ever-more complex problem. Gone
are the days where peak FLOPS numbers were a reliable indicator of real-world perfor-
mance, and they have been replaced by a field where performance bottlenecks can occur
in any component of these platforms. The reality of the situation requires that per-
formance analysis be conducted at many levels throughout the lifecycle of application
development, focusing on both individual elements of computation and also end-to-
end system performance of the application at scale, as well as many additional points
within that spectrum. In this work, we present both component-level and system-level
performance analysis tools, as well as a non-traditional application of using online

performance analysis to enable dynamic performance optimization.
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Chapter 1

INTRODUCTION

Thanks to the death of Dennard scaling and the slowing of Moore’s Law|[19], fu-
ture compute platforms are becoming increasingly complex as they attempt to continue
to scale either overall performance or performance efficiency. Consequently, analyzing
the performance of such systems has also become an ever-more complex problem. Gone
are the days where peak FLOPS numbers were a reliable indicator of real-world perfor-
mance, and they have been replaced by a field where performance bottlenecks can occur
in any component of these platforms. The reality of the situation requires that per-
formance analysis be conducted at many levels throughout the lifecycle of application
development, focusing on both individual elements of computation and also end-to-
end system performance of the application at scale, as well as many additional points
within that spectrum. In this work, we present both component-level and system-level
performance analysis tools, as well as a non-traditional application of using online
performance analysis to enable dynamic performance optimization.

Chapter 2 covers the Parallel Research Kernels[138], a set of building blocks
commonly found in high performance computing applications (stencil computation,
sparse matrix-vector multiplication, matrix transposition, etc.), which can be used
to evaluate parallel programming models for future systems. Chapter 3 covers the
MLPerf™ training benchmark suite[97], an end-to-end system performance bench-
mark for machine learning training workloads. Chapter 4 covers the MLPerf inference
benchmark suite[118], a similar machine learning system performance benchmark fo-
cused on inference workloads. Chapter 5 covers ASAFESSS[126], a scheduler-driven

adaptive framework for extreme scale software stacks, which is a framework which



supports online workload characterization and can be used to dynamically drive on-
line performance optimizations for large-scale systems where static analysis can be
insufficient to determine which optimizations techniques are beneficial ahead of time.
Chapter 6 provides a description of prior work related to these efforts and Chapter 7

provides conclusions made based on this work.



Chapter 2

PARALLEL RESEARCH KERNELS

With the stagnation of frequency scaling in modern processors and the emer-
gence of power as a critical constraint in the design and deployment of supercom-
puters, hardware parallelism has been increasing dramatically. Managing expanded
concurrency while maintaining voluminous validated legacy codes is a challenge, com-
pounded by the expected increase in faults, and performance non-determinism. These
challenges have inspired the development of dynamic runtime systems (DRTS). While
DRTS offer much promise for exascale, it is vitally important that they meet the needs
of HPC applications at all relevant scales of parallelism. Even if DRTS prove more suit-
able for asynchronous and/or task-oriented algorithms, they must be able to support
the regular /structured algorithms and more synchronous/procedural styles common in
HPC.

Our goal is to study many relevant HPC programming models, evaluating them
on their ability to support ubiquitous application patterns. The m by n complexity
of this problem - m programming models and n application patterns - constrains the
scope greatly. We have learned from the community that even mini-applications are
difficult to port to new models and that many algorithms in different domains map to
the same parallel programming patterns, meaning that porting many mini-applications
may not produce a proportional understanding. On the other hand, studying a small
number of programming models, or even treating MPI as a single programming model,
does not sufficiently answer the question of how to implement HPC applications for
peta- and exascale.

We evaluate a range of different programming models using the Parallel Research

Kernels (PRK)[138]. The PRK comprise about a dozen different application patterns;



we focus on the three that are the most relevant to scientific computing applications
running on modern HPC systems: Synch_p2p, Stencil, and Transpose. The models

evaluated include:

e MPT' and MPI+X models in the form of MPI1+OpenMP (MPIOPENMP) and
MPISHM?

e cstablished PGAS models SHMEM and UPC (Unified Parallel C), and hte rela-
tively new but semantically similar MPIRMA (MPI with direct Remote Memory
Access)

e the non-evolutionary models Charm+-+ and Grappa, both of which are oriented
at irregular and unstructured computations, but which are still capable of imple-
menting regular, structured computations

2.1 Background and Motivation
In this section, we provide context for our workloads, core programming models,

and specific combinations of programming models used in our study.

2.1.1 Parallel Research Kernels

The PRK[137] are a suite of elementary operations (kernels) that can be used to
study the suitability of parallel systems for parallel application programming. The full
suite includes about a dozen kernels designed to expose various performance bottlenecks
of a parallel system. In many cases, programmers can relate the observed performance
of the PRK to the expected bottlenecks in their applications, allowing the PRK to
serve as proxies for full applications.

The PRK are defined as paper-and-pencil operations independent of any par-
ticular implementation, although they do prescribe certain rules regarding data dis-

tribution on distributed memory systems. In addition to a canonical serial version,

L MPI refers to any model based upon the Message Passing Interface standard, while
MPI1 refers to the usage of MPI two-sided communication.

2 MPISHM refers to an MPI1-like program that uses shared memory within the node
of explicit communication. It is similar to MPIOPENMP, but with significant differ-
ences related to locality and runtime overheads, among others. We use MPI-3 as our
implementation of shared memory.



we provide reference implementations® using various parallelization techniques. The
PRK implementations are self-contained, are arbitrarily scalable (problem size, com-
pute resources), synthesize any data they need, and validate the results. They have
been used to study new hardware architectures using simulators, as well as to evaluate
new features in programming models[43].

For our study of programming systems for exascale computers, we use three ker-
nels, in order of nominally increasing granularity: Synch_p2p, Stencil, and Transpose.
In our description of the reference implementations of the kernels we will refer to the
units of execution generally as ranks. This should be replaced threads, chares, or PEs
as needed, depending on the particular programming model. For grid-based kernels,
we always opt for 2D over 3D. The reason is two-fold. First, 2D problems typically
have fewer options to exploit concurrency and more overhead than 3D (worse surface-
to-volume ratios in domain decomposition problems, especially in the strong scaling
case), which creates extra stress for the runtime that we want to study. Second, 2D
codes are more compact than 3D codes - a PRK design goal to maximize portability -
but without sacrificing the realism that 1D codes do.

Synch_p2p involves a simple stencil-based problem. A two-dimensional array
A of size n x m, representing scalar values at grid points, is distributed among the ranks
in vertical strips. We apply the following stencil: A; ; = A;—y j + A;j—1 — Ai—1,j—1, with
the condition that only updated array values or (fixed) boundary values may be used.
The 2D data dependencies are resolved using a 1D software pipeline. Synch_p2p models
the algorithmic structure of well-known benchmarks such as the LU-SGS NAS Parallel
Benchmark[10], and SNAP[148], but is even more stressful w.r.t. communication as the
kernel only has two spatial dimensions. It is not data-parallel, and must synchronize
strictly on a point-to-point basis. Such synchronizations can be implemented using
shared flags plus the flush directive in OpenMP, point-to-point messages in MPI1 and
Charm++, put-wait in SHMEM and shared pointer access in UPC. In Grappa, we

3 PRK open source repository: https://github.com/ParRes/Kernels



use Full-Empty Bits (FEB) to implement producer/consumer synchronization. These
techniques incur a forced write-to and read-from shared memory in OpenMP, and
an inter-process communication latency for MPI1, SHMEM, UPC, Charm++, and
Grappa. Performance is constrained by the overhead of frequent synchronization be-
tween ranks. Note: it is possible to increase the algorithm’s granularity by grouping
grid lines together explicitly, and our PRK implementation does indeed offer that
option, but we do not consider that conforming, as we are interested in fine-grain
application behavior.

The second kernel is Stencil, which applies a scalar, data-parallel stencil oper-
ator to the interior of a two-dimensional discretization grid of size n x n. The stencil,
which represents a discrete divergence operator, has radius r. In operator notation: A
= S(r)B, where A and B are two-dimensional arrays and S(r) is the stencil operator of
radius r. The distributed memory versions used in this paper employ two-dimensional
domain decompositions to minimize the surface to volume ratio, and hence the commu-
nication volume. Communication is required to obtain ghost point values from logically
nearest neighbors.

The third kernel is Transpose, in which a square matrix B of order n is divided
into strips (columns) among the ranks, which store its transpose BT in matrix A. The
matrices are distributed identically, necessitating a global rearrangement of the data
(all-to-all communication), as well as a local rearrangement (per-rank transpose of
matrix tiles). Canonical execution of Transpose may lead to high numbers of cache
and TLB misses, due to the strided nature of the data access of either A or B. To
reduce this effect, we employ blocking to implement the local transpose operation. For
all programming models, we use the same block size (32 x 32).

Each of the kernels’ main operations is executed a number of times, and perfor-
mance is computed by timing the entire sequence of operations, but skipping the first

to reduce the effects of implicit inialization (e.g., network connections).



2.1.2 Programming Models
MPI1

The first version of the MPI standard[51] focused on message-passing function-
ality, defining point-to-point and collective operations, as well as the critical infrastruc-
ture that makes MPI1 portable, extensible, and composable. The set of functions in
MPI-1 is quite complete with respect to practical parallel programming within Hoare’s
Communicating Sequential Processses (CSP) model.

Contrary to popular belief, MPI-1 did not implement Valiant’s Bulk Synchronous
Parallel (BSP) model (this pattern was introduced in MPI-2 via MPI_Win_fence).
Much of the success of MPI has been built upon the extensibility of the CSP model.
MPIOPENMP

MPI-2[52] introduced the awareness of threads to MPIL. Support of threads is
not holistic; communication routines merely became thread-safe according to the user’s
request during initialization, but no changes to the communication routines were made
that might make multithreaded MPI programs more efficient. For example, while the
MPI standard does not explicitly require locks, most implementations use coarse-grain
mutual exclusion for MPI. THREAD _MULTIPLE, which can have significant (negative)
performance effects.

Because of the performance issues associated with concurrent access to MPI,
many users only perform MPI calls outside of threaded regions. The fork-join model
limits scalability, but the practical consequences of this are often relatively small if an
MPI process is associated with each NUMA domain and threads are used only within
that. For small numbers of threads, it is often the case that the overhead of mutual
exclusion, which persists throughout the application, regardless of whether or not it
is actually needed? is worse than the effect of joining (or merely serializing) all the
threads to make MPI calls.

MPISHM: MPI plus interprocess shared memory

4 MPI calls outside of threaded regions do not require mutual exclusion, but MPI has
no way to know this.



While MPI+Threads is the most commonly applied solution to the multicore
problem, an alternative model employs interprocess shared memory. Heroux and
coworkers proposed to use interprocess shared memory instead of threads in the con-
text of MPI applications[68]. Members of the MPI Forum have elaborated upon this
model[70] and it became part of MPI-3[53]. This model is also referred to as MPI+MPI,
as a way of connecting to MPI4+X, where X equals MPI-3 shared memory.

SHMEM

Pioneered by Cray Inc. in the 1990s[50], SHMEM is a library specification that
supports programming for a logically shared but physically distributed address space.
All processes see variables in the global address space (symmetric variables), but also
have their own local view in the partitioned global address space (PGAS). The SHMEM
API provides a set of communication operations, similar to the MPI one-sided com-
munication routines. SHMEM emphasizes one-sided communication features that can
be mapped directly to hardware, which offers the potential for a more efficient imple-
mentation compared to MPI two-sided communication. Historically, SHMEM imple-
mentations have varied between vendor implementations, making it difficult to write
portable SHMEM programs. Recently, OpenSHMEM][110] has emerged as a vendor-
independent community standard and associated reference implementation, which has
increased interest in SHMEM.

MPIRMA: MPI one-sided communication

MPI-2[52] introduced remote memory access (RMA), or one-sided communica-
tion, to MPI. This was not a successful effort, due to semantic constraints and im-
plementation issues. With MPI-3[53], the semantic issues were largely addressed, and
MPIRMA is able to support the semantics of important PGAS models like SHMEM,
Global Arrays (ARMCI), and Fortran coarrays, as demonstrated by OSHMPI®,

> https://github.com/jeffhammond/oshmpi



ARMCI-MPI®, and OpenCoarrays’, respectively, in addition to BSP and message-
passing synchronization. We employ both passive- and active-target synchronization
in the PRK. In all kernels, we could use multiple styles of MPI-3 RMA, but we chose
only one each for Synch_p2p and Stencil, and two for Transpose. The reason is that, to
the extent that MPI-3 RMA can be semantically equivalent to SHMEM, the SHMEM
implementation tells us what is possible with the passive-target motif, up to imple-
mentation differences (which may be substantial today).
upC

UPC[134] is a PGAS extension to the ISO C99 language. It handles shared
and distributed memory with a uniform programming interface. Like SHMEM, UPC
presents the abstraction of a global, shared address space. That space is partitioned
among threads in a well-defined, user-prescribed way, allowing the programmer to ex-
ploit thread-to-data affinity and hence improve locality. Explicit put and get operations
can also be used to increase granularity.
Charm-+-+

The Charm++ programming framework[82] provides asynchronous remote
method invocation (RMI) on persistent but migratable objects (chares) organized in
multi-dimensional arrays. Communication between chares takes place by specifying
the parameters of the remote method (marshalling) or by sending the remote chare
a message. While similar to MPI messaging, there are important differences. Chares
are virtualized and may migrate between compute units transparently to the program-
mer. The flow of a program is not statically defined in terms of two-sided message
passing; RMIs (with their data) are placed in task queues at the recipient, and are
scheduled by the runtime, subject to an execution policy. Hence, messages may arrive
in different order and well before they are needed, potentially providing substantial

asynchrony. In addition, multiple chares may be assigned to the same compute unit

6 http://git.mpich.org/armci-mpi.git

" https://github.com/sourceryinstitute/opencoarrays



(overdecomposition), which may provide more asynchrony and latency hiding. RMIs
are nominally non-blocking, but may wait for certain events to occur if they contain
Structured Dagger (SDAG) code. Messages and SDAG constructs generally offer the
best performance and control. We use these for the Charm++ versions of the PRK.
Grappa

The Grappa runtime[108] is loosely based on innovations explored in the Tera
MTA and Cray XMT architectures, which allow very fast, hardware supported context
switching between multiple instruction streams per core. This provides substantial
latency hiding, but requires special hardware support. Grappa emulates these features
in software using fast, user-level context switching, in addition to fine-grained com-
munication and synchronization using FEBs across a partitioned global address space.
The runtime watches for multiple asynchronous messages with a common destination
from independent instruction streams, or from asynchronous communications in the
same instruction stream, and batches them into a single transfer, transparently to the

user. This can greatly improve the performance of fine-grain workloads.

2.2 Implementation and Performance Results

We performed three scaling experiments wherein problem size remains constant
as more compute and memory resources are added for each kernel. For Stencil, we
select a star-shaped stencil of radius four (i.e. a 17-point star), and a grid of 49152 x
49152 points. We use the same dimensions for the grid of Synch_p2p and the matrix in
Transpose. Problem sizes, numbers of ranks, and overdecomposition factors are chosen
to allow for an even load across all processing elements when using all the cores on
a node. An exception is made for Charm++, which performs better if one core per
node is reserved for communication. This core is counted in the resource consumption,
but does no computational work. To balance the load among the remaining cores on
a node, we change the problem size for Charm++ to 47104 for all kernels. While
strong scaling from 1 to 512 nodes is not common in real applications, it exaggerates

runtime overheads and allows us to draw conclusions about performance at much higher
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scale with a large overall problem size, but a per-node problem size within the range
considered.

Our experiments were conducted on NERSC Edison, a Cray XC30 supercom-
puter with two 12-core Intel Xeon E5-2695 processors per node with the Aries intercon-
nect in a Dragonfly topology. We used Intel 15.0.1.133 C/C++ compiler for all codes,
except that Cray Compiler Environment (CCE) 8.4.0.219 was used for Cray UPC, and
GCC 4.9.2 was used for Grappa. Berkeley UPC compiler 2.20.2 was used with the same
Intel C/C++ compiler. System library versions were Cray MPT (MPI and SHMEM)
7.2.1, uGNI 6.0, and DMAPP 7.0.1. All MPIRMA transpose experiments enabled
asynchronous progress; passive target RMA employed the DMAPP implementation®.
While asynchronous progress in MPI may introduce overheads, it is the natural way to
use one-sided communication and compares fairly to SHMEM and UPC, which makes
asynchronous progresson on this platform.

All implementations of the PRK are derived from the same original MPI1 source
code, and are functionally as similar as feasible, except for scheduling by the runtime,
orchestration of communication, and data sharing. Although the implementations were
written in a portable way, we consider them of high quality, since they were co-written
and/or reviewed by the developeres of the runtimes (Grappa, Charm++), or by other
PRK contributors, who are experts in the other runtimes. All kernels are compiled with
the same optimization flag (-O3). The use of Cray UPC and GCC C++ compilers
(for Grappa) introduces a discrepancy that cannot be reconciled. However, sample
trials using Gnu and Intel compilers for the same kernels show negligible performance
differences, so we posit that this discrepancy does not substantively alter our results
or conclusions with respect to Grappa.

Our methodology for presenting performance results is as follows. When a
kernel is expected to show good scalability, we show normalized performance, in which

absolute performance using P nodes is divided by P, as well as by the performance of

8 The environment variables are MPICH_RMA_OVER_DMAPP,
MPICH_MAX_THREAD_SAFETY, and MPICH_NEMESIS_ ASYNC_PROGRESS.
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the MPI1 code using a single node. This is the method we used for Stencil. When
a kernel is expected to experience moderate to severe scalability problems, we show
absolute performance on a log (cores)-linear (performance) scale, since this best depicts
performance differences between the different models. This is the method we used
for Synch_p2p and Transpose. For all kernels, we report the mazimum performance
observed over a large number of experiments. This is because, at the time of our
experiments, NERSC Edison experienced intermittent network issues, leading to a
number of outliers that would unfairly penalize models that happened to run at an
unfavorable time. Selecting the maximum over a large number of attempts produced

the most consistent, fairest data.

2.2.1 Stencil Implementation Details and Performance

For the Stencil kernel, we employ a 2D domain decomposition, where each MPI
rank running on a processor core is assigned a tile within the overall grid that it updates
in each iteration, based on the values computed in the previous iterations, as well as
on values generated by logically nearest neighbor ranks. We employ the same method
in Charm++, except that we allow an overdecomposition, which means that we divide
the grid into more tiles - each assigned to a chare - than the number of processor
cores employed. This technique is often used to provide overlap of computation and
communication, since a core can work on updating the tile associated with one of
its chares while the communication needed for another of its chares is in progress.
Overdecomposition could be applied in MPI as well, in principle, but would require
explicit management of multiple tiles per rank, constituting a significant programming
complication.

In all cases, the tiles are chosen as close to square as possible to minimize
their surface to volume ratio, which in turn minimizes the number of tiles beyond the

required minimum value, and hence increases the communication volume.

MPI1
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Within each iteration, an MPI rank determines whether it has a topological
neighbor in each of four coordinate directions (+x, -x, 4y, -y) and posts asynchronous
receive calls (MPI_Irecv) for data from each of these neighbors. Subsequently, it copies
data from its grid boundaries into communication buffers and posts asynchronous send
calls (MPI_Isend) to each of its neighbors. Finally, it waits for all asynchronous com-
munications belonging to the current iteration to finish (MPI_Wait) before copying the
received data into ghost point locations and updating its tile values. It should be noted
that the primary purpose of using asynchronous calls is to avoid deadlock. Since the
load is fully balanced, all ranks engage in communication at effectively the same time,
and negligible overlap of computation and communication occurs.

MPIOPENMP

We spawn one MPI rank per socket, and use OpenMP to parallelize the
performance-critical loop nest in the code among the 12 cores (our experiments show
that one MPI rank per node performs more poorly, due to NUMA effects). MPI com-
munications only take place outside the threaded code regions. In a separate OpenMP-
only experiment, we determined that, for the granularities involved in this problem,
OpenMP’s fork-join overhead is negligible, justifying the use of omp parallel for.
MPISHM

The MPISHM implementation uses a hybrid communication method and a hi-
erarchical domain decomposition. Ranks are grouped into a shared memory domain
(spanning one socket in the case of MPISHM12 and two sockets for MPISHM24). As
in the case of flat MPI, we use a two-dimensional domain decomposition that mini-
mizes the surface to volume ratio and that produces one tile per rank. The tiles in
this decomposition are grouped into logical rectangles (super-tiles), each of which is
assigned to a group of ranks within the same sub-communicator. See Figure 2.1a.

One rank per sub-communicator allocates shared memory to store the data
belonging to a super-tile. This memory includes ghost point values at the perimeter
of the super-tile for communication with other super-tiles only. There is no explicit

communication within a super-tile, only loads and stores, with proper synchronization.
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Figure 2.1: Hierarchical domain decomposition for MPISHM

We synchronize via empty messages exchanged between logically nearest neighbors
within the super-tile. If neighboring tiles are not in the same shared memory group,
standard MPI1 communication is used to exchange ghost point values. This happens
on a peer-to-peer basis, in which individual ranks at the boundary of their super-tile
exchange messages with their topological neighbors in other super-tiles, unlike in the
MPIOPENMP case, where individual threads do not communicate.
MPIRMA

For MPIRMA, we replaced non-blocking Send-Recv pairs with MPI_Put and
added MPI_Win_fence synchronization where required (same location as calls to
MPI_Wait).  We could have instead used the Post-Start-Complete-Wait pattern
(PSCW)[53] as in Synch_p2p, or passive target RMA with atomic counter synchro-
nization as the SHMEM implementation does. These different versions could be im-
plemented and compared in the future.
Charm-+-+

The Charm++ implementation follows effectively the same strategy as MPI1.
Virtually the entire program executed by a chare is cast as a single method invocation
on the chare, comprising all iterations, including all communications with logically

neighboring chares. Data is sent to neighbors asynchronously using messages, a special
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kind of RMI, and is received in an SDAG when construct. Such constructs are allowed
to block until remote data has arrived. In that case, the runtime can switch to work
on another chare, if available, and execute its methods.
Grappa

The Grappa implementation also follows the MPI1 strategy, except that a core
responsible for providing ghost point values to its neighbors writes those directly into
those neighbors’ communication buffers, to be scattered into actual ghost point loca-
tions by the receiving core. This bypasses the creation of communication buffers on the
sending side, but at the expense of many small remote write operations (the runtime
is capable of bundling these transparently, in principle). A single FEB word per buffer
is used for synchronization.
SHMEM

The SHMEM implementation also closely follows the MPI1 version. We employ
shmem_putmem for communication. For synchronization, we use shmem atomic in-
crements and shmem_wait_until until the required number of ghost point updates has
been received.
UPC

The UPC implementation also closely follows the MPI1 version. We create
shared ghost zones for each UPC thread. These are filled with neighbor data via
upc_memget. Initial shared arrays are privatized for optimization. For synchronization,
we use upc_barrier. We refer to the Berkeley and Cray implementations of UPC as
BUPC and CRAYUPC, respectively, in the text and figures.
Performance of Stencil

In Figure 2.2, we show the performance of all runtimes for the Stencil applica-
tion, divided by the performance of single-node MPI1 and the number of nodes used.
The numerals on Charm++ (1, 4, 16) indicate the overdecomposition factor. Those
on MPISHM (12, 24), indicate the number of cores in a shared memory group. The
graph mostly separates the performance of implementations that rely on global barri-

ers for synchronization and hence do not scale well (MPIRMA, BUPC, CRAYUPC),
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Figure 2.2: Absolute performance of Stencil application, divided by performance of
single-node MPI1 and number of nodes used.

and those that use only point to point synchronization between nodes. Except for the
highest core counts, performance of the latter is dominated by bandwidth to memory,
forcing most of the performance curves together. Grappa has a lower absolute level
because of its numerous small direct remote memory accesses. Charm-++ uses a some-
what different problem size and hence a different data layout, which affects its absolute
level of performance. Its scalability is good, except for an overdecomposition factor of
16, in which case runtime management and communication overhead of the wide ghost

zones (4 points on all side of a grid tile) limit performance.

2.2.2 Synch_p2p Implementation Details and Performance

The implementation of Synch_p2p follows the same principles as that of Stencil.
Here the data dependencies dictate a 1D domain decomposition, where each rank is
responsible for a verticle slice of the grid, see Figure 2.1b. As mentioned in Section 2.1.1,
the data dependency is resolved by updating values on only a single grid line segment
before communicating one word with the logically neighboring rank. Implementation
in MPI1 and Charm++ is obvious and will not be detailed.
MPIOPENMP

This kernel has no data parallelism, and hence we cannot use the simple fork-
join mechanism of omp parallel for to parallelize the code among the threads within a
rank. Instead we use the method employed, for example, in the OpenMP version of the
LU NPB, and documented in [21], for point-to-point synchronization between threads.
Because there is no fork-join parallelism, the entire sweep over the grid is within a
parallel OpenMP section (omp parallel), and threads within different ranks are required
to communicate directly. A further complication is that the method for creating a

dependence between successive sweeps over the grid involves a communication between
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the last thread on the last node, and the first thread on the first node. This necessitates
use of MPI. THREAD _MULTIPLE, which typically hurts performance.
Grappa

In Synch_p2p, all memory is private except for a vector of ghost point values
containing, for each core, all the rightmost grid point values that were produced by
its predecessor in the pipelined solution process. These are FEB words for efficient
synchronization. Their values are stored remotely using the async write method, which
allows multiple individual writes to be combined automatically by the runtime into a
single message, thus reducing latency costs. The programmer is responsible for setting
an aggregation target for the runtime when building the code. Our best results were
obtained for a bundling factor of 64 words, displayed in Figure 2.3. Larger values of
the aggregation factor can reduce latency more, but also increase pipeline fill time, so
a non-trivial optimum usually obtains, which is not the same for all numbers of cores.
Our optimum value of 64 was chosen to give the best performance at the highest core
count for which we ran the Grappa version of the code.
MPISHM

The implementation of MPISHM is very similar to that of MPI1 and Grappa
combined; communication between topologically neighboring ranks on different nodes
uses blocking Send-Recv. Data exchange between neighboring ranks on the same node
takes place via reads from the neighbor’s shared memory window, supplemented with
point-to-point synchronization via empty messages.
MPIRMA

The MPIRMA implementation of Synch_p2p is identical in form to MPII1,
wherein Send-Recv pairs are replaced with the PSCW pattern. Data is transferred with
MPI_Put. As there is essentially no semantic difference between MPI1 and MPIRMA
for this kernel, we attribute any performance differences to implementation issues.

SHMEM
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The SHMEM Synch_p2p implementation features two synchronization proto-
cols, termed handshake and no handshake. The latter allows for relaxed synchroniza-
tion, established via one fine-grain semaphore per grid line segment[139]. We only show
results for this protocol, since it performs best.

UPC

The UPC Synch_p2p implementation has two variants. One is portable, using
a shared flag for communication between neighboring ranks. The other is more op-
timized, but non-portable, using extensions in the Berkeley UPC compiler[18]. That
version, denoted by BUPCsem, utilizes semaphores for synchronization within an iter-
ation. However, both versions synchronize via a global barrier after each iteration.
Performance of Synch_p2p

Figure 2.3 shows performance of Synch_p2p. The results are dominated by two
performance artifacts: efficiency with which runtimes can handle very frequent point-
to-point synchronization, and the cost of doing global synchronization after each itera-
tion. MPIRMA and both versions of UPC have barriers after each iteration, and clearly
suffer the performance consequences at higher core counts. MPI1, SHMEM, Grappa,
and MPISHM all function effectively the same, and their relative performances are
close together (Grappa’s scalability suffers beyond 64 nodes due to the current policy
in the aggregator: it uses atomic operations to poll for messages to aggregate between
cores in a node, which wastes significant inter-socket bandwidth at scale for problems
with communication locality; new policies need to be added to serve sparse workloads
like Synch_p2p). The Charm++ runtime is designed for workloads that require flex-
ibility, resilience, and dynamic load balancing. The overhead of such functionality
results in higher latencies than for the other runtimes, and that effect is exaggerated
by Synch_p2p. Finally, MPIOPENMP suffers from communication serialization within
a rank due to the need for different threads within a rank to be able to communicate

safely.
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Figure 2.3: Absolute Performance of Synch_p2p kernel

2.2.3 Transpose Implementation Details and Performance

Transpose requires all-to-all communication, wherein each processing element
scatters pieces of its matrix columns to all other processing elements.
MPI1

This global exchange could be accomplished using MPI_Alltoall, but since the
tiles of B are not contiguous in memory, and also need to be transposed locally, this
would require a tripling of the memory footprint for matrix B to fit message buffers.
Instead, we perform the transpose on N ranks in N - I communication phases. In each
phase, each rank sends a different tile to a different recipient rank, using a conflict-free
schedule that accomplishes a pairwise exchange. Message buffers are reused in each
phase, which keeps the memory pressure small and improves locality. Local transpo-
sition of B tiles takes place as matrix elements are read from B and placed in the
contiguous send buffer. Upon receipt of a tile, its data is scattered into the columns of
A owned by the receiving rank, but no more transposition is required.

Charm-+-+
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This implementation exactly follows MPI1’s.
MPIOPENMP and MPISHM

In the MPIOPENMP implementation, we parallelize the loops that transpose,
pack, and unpack the tile values using #pragma omp parallel for, but the MPI com-
munications are carried out only by the master thread.

The MPISHM implementation closely follows MPIOPENMP. All ranks inside a
node collaborate to transpose, pack, and unpack the tile values, and only a single rank
within each node carries out the communication. We could have chosen to let all ranks
participate in the communication, but then MPISHM would be conceptually identical
to MPI1. Instead, ranks within a node synchronize before send and after receive so
that a single rank can perform inter-node communication.

Grappa

Grappa communicates at the granularity of block rows directly into the desti-
nation matrix, so does not need a receive buffer, but issues many small asynchronous
communication requests for the transport of column segments within each matrix tile.
Synchronization at the end of iterations is via barriers.
upC

The UPC implementation follows the MPI1 approach. However, tiles are com-
municated directly into the private space of each thread using upc_memget. For syn-
chronization, we use upc_barrier.

Performance of Transpose

Figure 2.4 shows performance of the Transpose kernel. At smaller core counts, it
constitutes a coarse-grain workload. The message sizes decrease quadratically with the
number of cores used; on 1536 cores, these are 4.5 MB for 1 communicating rank per
node (CRPN), 1.25 MB for 2 CRPN, and 8 KB for the “flat” models (i.e. those with 24
CRPN), which is in the bandwidth-limited regime of the network. At 12288 cores, the
message sizes associated with these models decrease to 72 KB, 16 KB, and 128 bytes,
respectively. While 1 and 2 CRPN still use large messages, the other cases have become

fine-grain. While Cray XC30 was designed to support fine-grain communication, it is
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still difficult to provide the same level of efficiency, and overheads are noticeable. This
fact alone explains the most obvious trend in the data: only MPI4+X models scale
past 1536 cores. The figure shows data for MPISHM2 (2 CRPN, one on each socket),
MPISHM24 (1 CRPN), and MPIOPENMP (2 CRPN for all cases except 12288 cores,
which used 1 CRPN). All the flat models taper off. Of the flat models, SHMEM is
clearly the best at scale, in addition to being the best overall at 1536 cores and below.
We attribute this to the low overhead of the SHMEM interface and the excellent support
for SHMEM one-sided semantics in the Cray XC30 network. MPI1 is slightly worse
than SHMEM, but follows a similar trend. Cray and Berkeley UPC also share a trend
and flatten around 1536, reaching performance similar to the other flat models at
high core counts. MPIRMA with flush synchronization, which is a similar semantic
to the PGAS models, performs roughly on par with Cray UPC. MPIRMA with fence
synchronization (collective) shows an anomaly at 12288 cores, which is hard to explain
without detailed information about Cray MPI (we do not have it). It is possible that
message aggregation permitted by the semantics of this synchronization motif becomes
active at 128 bytes. Charm++ is competitive up to 768 cores, at which point it falls
off and performs worst at scale, due to runtime overhead at fine granularities (cf.
Synch_p2p). We evaluated Charm++ with overdecomposition, but it was no better
than without, as expected, so we excluded the former from the figure for brevity. The
performance of Grappa is poor, because its Transpose implementation is even finer

grain than the other flat models.
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Chapter 3
MLPERF TRAINING BENCHMARK

Machine learning (ML) has revolutionized numerous domains, including com-
puter vision[89], language processing[42, 116], speech recognition[69], and gaming[124,
104, 25]. Much of this progress owes to deep learning (DL), which involves training of
large deep neural network (DNN) models on massive data sets. To keep up with this
growing computational demand, hardware and software systems have garnered sizable
investments|4].

As the number of hardware and software systems for DL training increases[112,
1, 27, 79, 80, 29, 96, 77|, so does the need for a compehensive benchmark. History
shows that benchmarks accelerate progress[67]. For example, breakthroughs in micro-
processor and relational database systems in the 1980s inspired industry consortiums
to create Standard Performance Evaluation Corporation (SPEC) for Unix servers|44]
and the Transaction Processing Performance Council (TPC) for transaction process-
ing and databases[40]. These organizations helped develop and maintain benchmarks
that their respective communities then embraced. Their success inspired the forma-
tion of MLPerf, a consortium of commercial and academic organizations, to design a
comprehensive benchmark suite for deep learning.

Unlike other computational workloads, deep learning allows a range of statisti-
cal, hardware, and software optimizations that can change the mathematical semantics
of the underlying operators. Although these optimizations can boost performance (i.e.
training speed), some change the learning dynamics and affect the final model’s quality
(i.e. accuracy). Even accommodating different system scales (e.g., varying the number

of chips) requires changing the hyperparameters, potentially affecting the amount of
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computation necessary to reach a particular quality target. By contrast, other compute
benchmarks can evaluate systems through targeted benchmarks.

Deep learning is also intrinsically approximate and stochastic, allowing multiple
equally correct solutions - unlike conventional computing, which tends to allow just one
correct solution. As a result, implementations and training times can vary while the
final quality remains the same. Since it is approximate, deep learning requires careful
definition of equally valid solution classes and the appropriate degrees of freedom.

Prior work has varied in granularity, but has either left the above challenges
unaddressed or lacked critical workloads representative of modern machine learning.
Microbenchmarks such DeepBench[9] are affordable to run and enable a fair comparison
of competing systems by isolating hardware and software from statistical optimizations,
but they fail to reflect the complexity of real workloads and have limited utility. Al-
though throughput benchmarks like Fathom and TBD[2, 151, 56| evaluate full model
architectures across a broad range of tasks to better reflect the diversity and complexity
of real workloads, they limit model architecture and training innovations that advance
the state-of-the-art. DAWNBench[37] measures end-to-end training time, subject to
a quality threshold (i.e. time to train), and it accommodates innovative solutions
(i.e. new model architectures and training techniques, such as progressive resizing and
cyclic learning rates). It additionally collects source code to promote reproducibility.
DAWNBench’s flexibility, however, also made it difficult to draw fair comparisons be-
tween hardware and software platforms. MLPerf builds on the strengths of prior work;
it combines a broad set of benchmarks like Fathom or TBD, an end-to-end training
metric like DAWNBench, and the backing of a broad consortium like SPEC.

MLPerf aims to create a representative benchmark suite for machine learning

that fairly evaluates system performance to meet five high level goals.

e Enable fair comparison of competing systems while still encouraging machine
learning innovation.

e Accelerate machine learning progress through fair and useful measurement.

e Enforce reproducibility to ensure reliable results.
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Serve both the commercial and research communities.

Keep benchmarking effort affordable so all can participate.

Although prior machine learning benchmarking efforts[37, 2, 56, 9, 151] each

contributed to meeting one or more of the above goals, we created MLPerf to address

all of them holistically, building on the lessons learned from these efforts. To this end,

MLPerf Training[97] does the following:

3.1

Establish a comprehensive benchmark suite that covers diverse applications, DNN
models, and optimizers.

Create reference implementations of each benchmark to precisely define models
and training procedures.

Establish rules that ensure submissions are equivalent to these reference imple-
mentations and use equivalent hyperparameters.

Establish timing rules to minimize the effects of stochasticity when comparing
results.

Make submission code open source so that the machine learning and systems
communities can study and replicate the results.

Form working groups to keep the benchmark suite up to date.

Background

3.1.1 Unique Challenges of Benchmark Training

ML benchmarking faces unique challenges relative to other compute bench-

marks, such as LINPACK][45] and SPEC[44], that necessitate an end-to-end approach.

After an ML practitioner selects a data set, optimizer, and DNN model, the system

trains the model to its state-of-the-art quality (e.g., Top-1 accuracy for image clas-

sification). Provided the system meets this requirement, the practitioner can make

different operation, implementation, and numerical representation choices to maximize

system performance - that is, how fast the training executes. Thus an ML performance

benchmark must ensure that systems under test achieve state-of-the-art quality while

providing sufficient flexibility to accommodate different implementations. This tradeoff
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between quality and performance is challenging because multiple factors affect both

the final quality and the time to achieve it.

3.1.1.1 Effect of Optimizations on Quality

Although many optimizations immediately improve traditional performance met-
rics such as throughput, some can decrease the final model quality, an effect that is
only observable by running an entire training session. For example, the accuracy dif-
ference between single-precision training and lower-precision training only emerges in
later epochs[150]. Across several representation and training choices, the validation-
error curves may only separate after tens of epochs, and some numerical representations
never match the final validation error of full-precision training (lower validation error
directly corresponds to higher accuracy: accuracy = 1 — erroryuidation). 1hus, even
though microbenchmarks[9, 31] can assess an optimization’s performance impact, a
complete training session is necessary to determine the quality impact and whether
the model achieves the desired accuracy. Owing to the introduction of systems with
varying numerics[1, 11, 87, 100] and performance optimizations, ML benchmarks must

include accuracy metrics.

3.1.1.2 Effect of Scale on Time to Train

ML training on large distributed systems with many processors typically involves
data parallelism and large minibatches to maximize system utilization and minimize
training time. In turn, these large minibatches require adjustments to optimizer pa-
rameters, such as the learning rate[88, 58]. Together, these changes affect the learning
dynamics and can alter the number of iterations required to achieve the target accu-
racy. For example, MLPerf v0.5 ResNet-50 takes about 64 epochs to reach the target
Top-1 accuracy of 74.9% at a minibatch size of 4K!, whereas a minibatch size of 16K
can require more than 80 epochs to reach the same accuracy, increasing computation

by 30%. Larger minibatches, however, permit efficient scaling to larger distributed

I MLPerf v0.5 results https://mlperf.org/training-results-0-5

26



systems, reducing the time to train the model. The tradeoffs between system size,
minibatch size, and learning dynamics present another challenge for a DL-focused per-

formance benchmark.

3.1.1.3 Run-to-Run Variation

DNN training involves many stochastic influences tha tmanifest in substantial
run-to-run variation[33, 57, 6, 36]. Different training sessions for the same model using
the same hyperparameters can yield slightly different accuracies after a fixed number of
epochs. Alternatively, different training sessions can take a different number of epochs
to reach a given target accuracy. For example, Figure 3.1 shows the number of epochs
needed ot reach target accuracy for two MLPerf v0.5 benchmarks using reference imple-
mentations and default batch sizes. Several factors contribute to this variation, such as
application behavior (e.g., random weight intialization and random data traversal) and
system characteristics (e.g., profile-driven algorithm selection and the non-commutative
nature of floating point addition). Large distributed training tasks can involve asyn-
chronous updates, altering the gradient accumulation order. These variations make it

hard to reliably compare system performance.

3.1.1.4 Diverse Software

Multiple ML software frameworks have emerged, each of which executes sim-
ilar but distinct computations owing to various implementations and constraints[1,
112, 27, 79]. Software frameworks and the underlying math libraries employ different
algorithms to implement the same operation. For example, convolutional and fully
connected layers - two compute-intensive operators prevalent in modern DNN mod-
els - typically use cache blocking to exploit processor memory hierarchies. Different
block sizes and processing orders (which optimize for different hardware), although
algebraically equivalent, yield slightly divergent results. In addition, operators can ex-
ecute using various algorithms. For example, convolution layers can be executed using

a variety of algorithms, including GEMM-based and transform-based (e.g., FFT or
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Winograd) variants. In fact, the cuDNN v7.6 library provides roughly 10 algorithms
for the forward pass of a convolutional layer?, some of which vary in tiling or blocking
choices depending on the hardware. Although mathematically equivalent, different im-
plementations will produce different numerical results, as floating point representations
have finite precision.

Additionally, frameworks occasionally implement the same function in mathe-
matically different ways. For example, modern training frameworks implement stochas-
tic gradient descent with momentum in two ways.

The Caffe framework[79] implements the first approach, whereas PyTorch[112]
and TensorFlow[1l] implement the second. These approaches differ mathematically if
the learning rate 1 changes during training - a common technique. Although this dif-
ference is tiny in many cases, it can hinder training convergence for larger minibatches.

Variations also arise owing the the frameworks’ programming interface. For
example, PyTorch and TensorFlow interpret asymmetric padding differently, compli-
cating the task of porting model weights between them. Data augmentation pipelines
across frameworks can also apply image augmentations (e.g., crop, zoom, and rotation)
in different orders.

Although ONNX]8], TVM][29], and similar emerging tools enable interoperabil-
ity of model architectures across frameworks, their support remains limited. Moreover,
ML systems involve a range of optimizations that extend beyond the model architec-
ture, such as pre-processing, precision, and communication methods. Benchmarks must
accommodate the wide diversity of deployed systems despite this lack of a standard

way to specify every training aspect.

3.2 MLPerf Training Benchmark
We now present the MLPerf Training benchmark, detailing the workloads3.2.1,
timing rules3.2.2, quality-threshold choices 3.2.3, and reference implementations and

hyperparameters3.2.4.

2 cuDNN https://docs.nvidia.com/deeplearning/sdk/cudnn-developer-guide
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3.2.1 Benchmark Suite

To create a fair and useful benchmark suite for modern ML workloads, we
curated a representative set of tasks from several major ML areas, including vision,
language, recommendation, and reinforcement learning. Our selection of benchmarks
was primarily based on commercial and research relevance, representing diverse com-
pute motifs. To establish relevance, we relied on feedback from the tens of commercial
and academic organizations that support MLPerf. To keep the suite affordable, we se-
lected a compact but representative set of seven benchmarks, which we describe below
and summarize in Figure3.3. Although these benchmarks already cover a wide range
of research and industrial tasks, we are continuously exploring additional ones to keep

the suite relevant to the ML community.

3.2.1.1 Image Classification

Image classification is the most important task for evaluating ML system
performance[37, 2, 151, 58, 78, 101, 145, 56, 106]. A classifier selects a class that
best describes the contents of a given image. Classification model architectures also
serve as feature extractors for many other computer vision workloads, including ob-
ject detection, captioning, and style transfer. We use the ILSVRC 2012 ImageNet
classification data set, consisting of 1.28 million training images and 50,000 validation
images[41]. Our model quality metric is the Top-1 accuracy on the validation set.

ResNet-50 is a residual network[64, 65]; such networks and their derivatives
remain the state of the art in image classification, and system studies commonly use
them|[58, 78, 101, 145, 127]. Several slightly different ResNet-50 implementations ap-
pear in training framework repositories, preventing comparison of earlier system perfor-
mance claims because of model differences. To ensure meaningful system comparison,
MLPerf uses the ResNet-50 v1.5 model, which performs addition after batch normal-
ization, omits 1 x 1 convolution from the skip connection of the first residual block, and
applies downsampling by the 3 x 3 convolutions. MLPerf also specifies the appropriate

parameter initialization, optimizer schedule, and data augmentation.
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3.2.1.2 Object Detection and Segmentation

Object detection and segmentation are crucial components of many industrial
systems for robotics, autonomous driving, video analytics, and social networks. Object
detection is a regression task as opposed to a classification task: it returns bounding-
box coordinates for objects in a given image. Segmentation assigns an object class to
each input-image pixel. Although pre-trained image classification models commonly
serve as the backbone (feature extractor) for DNN object detectors and segmenters,
these DNN tasks differ from image classification in their compute characteristics. Fx-
amples include additional layer types (upscaling, ROIalign, NMS, and sorting); more-
over, the inputs have greater resolution. MLPerf uses the 2017 COCO data set[94]
consisting of 118,000 training images and 5,000 validation images. Model quality mea-
surement uses mAP for both detection and segmentation.

Mask R-CNNI[63] is a popular object detection and instance segmentation
model for images. It has two stages: the first proposes regions of interest, and the
second processes them to compute bounding boxes and segmentation masks. Mask
R-CNN provides high accuracy results for these tasks, but at the cost of higher latency
as well as greater compute and memory requirements. The training benchmark uses
images resized to 800 pixels on the shorter side and employs ResNet-50 as the backbone.

Single Shot Detection (SSD)[95] serves in real-time applications that require
low-latency solutions. These applications include autonomous driving, robotics, and
video analytics. Compared with Mask R-CNN|[73] and other two-stage solutions, SSD
trades speed for accuracy. Instead of full images, training uses 300 x 300 crops. We
chose a ResNet-34 backbone to represent current real-time applications. ResNet-34 has
a different residual structure than ResNet-50, increasing the diversity of computational

motifs that MLPerf covers.

3.2.1.3 Translation
Neural machine translation converts a sequence of words from a source language

to a target language; many industrial applications use this technology. As is common
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in translation research, we use the WMG English-to-German (EN-DE) data set[141],
which contains about 4.5 million sentence pairs. Our model quality metric is the
Bilingual Evaluation Understudy Score (BLEU) score on the Newstest2014 test set.
We include two translation benchmarks to account for the two model architectures
that translation and other sequence-data tasks often employ.

Transformer[135] is an attention-based model that achieves state-of-the-art
language-translation quality. It consists of an encoder and decoder, each being a stack
of six blocks. Every block comprises a multi-head attention layer and point-wise fully
connected layers.

GNMT[142] is a recurrent neural network (RNN) for language translation.
Even though it achieves lower accuracy than Transformer on the WMT English-to-
German data set, it appears in the suite to represent RNN applications. These appli-
cations span numerous tasks, but language-translation data sets and publications are
more common, enabling clearer system comparison. GNMT is the suite’s only RNN. It
consists of an eight-layer encoder and an eight-layer decoder, each using 1,024 LSTM

cells with skip connections.

3.2.1.4 Reinforcement Learning

Reinforcement learning (RL) is responsible for the recent dramatic increase in
compute demand[4], and it serves in control systems. RL algorithms can train agents
(which include neural networks) that rival humans at video games, go, and chess -
major milestones in machine learning[124, 104, 25]. RL has a different computational
profile than the other MLL benchmarks: it generates training data through exploration
instead of relying on a predetermined dataset.

MiniGol[102], inspired by AlphaGo[123, 125, 124], trains a single model that
represents both value and policy functions for a 9 x 9 game board. Training uses self-
play (simulated games) between agents to generate data; rather than using a simulator,
it performs many forward passes through the model to generate actions. We chose

MiniGo to keep MLPerf more ML-oriented, since many other RL problems employ
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simulators (physics, video game environments, etc.) to generate data, spending most
of their time in computations unrelated to ML. To measure quality, we calculate the

percentage of predicted moves that match human reference games.

3.2.1.5 Recommendation

Recommendation systems are a major commercial workload for Internet
companies[107, 149, 30]. These workloads are characterized by large embedding ta-
bles followed by linear layers.

Neural collaborative filter (NCF)[66] was our choice for the benchmark.
It is trained to predict user-item interactions. More so than for other tasks, this
recommender’s compute characteristics depend on the data set. For example, the data
set defines the embedding table size as well as the memory access patterns. Thus,
a representative data set is crucial to a representative benchmark. Unfortunately,
however, public data sets tend to be orders of magnitude smaller than industrial data
sets. Although MLPerf v0.5 adopted the MovieLens-20M data set[60] for its NCF
benchmark v0.5 will employ a synthetically generated data set and benchmark while

retaining the characteristics of the original data[14].

3.2.2 Time-to-Train Performance Metric

To address the ML, benchmarking challenges of system optimization and scale
that we outlined in Sections 3.1.1.1 and 3.1.1.2, MLPerf’s performance metric is the
time to train to a defined quality target. It incorporates both system speed and ac-
curacy and is most relevant to ML practitioners. As an end-to-end metric, it also
captures the auxiliary operations necessary for training such models, including data
pipeline and accuracy calculations. The metric’s generality enables application to rein-
forcement learning, unsupervised learning, generative adversarial networks, and other
training schemes. Time to train overcomes the challenges in Sections 3.1.1.1 and 3.1.1.2
by preventing submissions from using quality-reducing optimizations while still allow-

ing for extensive system-scale and software-environment flexibility.
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3.2.2.1 Timing Rules

We chose the timing requirements to ensure fair system comparisons and to
represent various training use cases. Timing begins when the system touches any
training or validation data, and it stops when the system achieves the defined quality
target on the validation data set.

We exclude from timing several components that can carry substantial overhead
and that are unrepresentative of real-world differences.

System initialization

Initialization, especially at large scale, varies on the basis of cluster-administrator
choices and system-queue load. For example, it may involve running diagnostics on
each node before starting the training job. Such overheads are unindicative of a sys-
tem’s training capability, so we exclude them from timing.

Model creation and initialization

Some frameworks can compile the model graph to optimize subsequent exe-
cution. This compilation time is insignificant for the longer training sessions when
using industry-scale data sets. MLPerf, however, uses public data sets that are usually
much smaller than industry ones. Therefore, large distributed systems can train some
MLPerf benchmark in minutes, making compilation times a substantial portion of the
total time. To make benchmarks representative of training on the largest industrial
data sets, we allow exclusion of up to 20 minutes of model creation time. This limit en-
sures that MLPerf captures smaller training jobs, and it discourages submissions with
compilation approaches that are too computationally and operationally expensive to
use in practice.

Data reformatting

The raw input data commonly undergoes reformatting once and then serves in
many subsequent training sessions. Reformatting examples include changing image-
file formats and creating a database (e.g., LMDB, TFRecords, or RecordIO) for more
efficient access. Because these operations execute once for many training sessions,

MLPerf timing excludes reformatting. However, it prohibits any data processing or
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augmentation that occurs in training from moving to the reformatting stage (e.g., it
prevents different crops of each image from being created and saved before the timed

training stage).

3.2.2.2 Number of Timing Runs

To address the stochastic nature and resulting run-to-run variance of modern
deep learning methods described in Section 3.1.1.3, MLPerf requires that submissions
provide several runs of each benchmark to stabilize timing. We determined the num-
ber of runs, which varies among benchmarks, by studying the behavior of reference
implementations. Vision tasks require 5 runs to ensure 90% of entries from the same
system are within 5%; all other tasks require 10 runs to ensure 90% of entries from the
same system are within 10%. MLPerf drops the fastest and slowest times, reporting

the arithmetic mean of the remaining runs as the result.

3.2.3 Choice of Quality Thresholds

For each benchmark, we chose quality metrics near the state of the art for the
corresponding model and data set, basing our choice on experiments with the reference
implementations. Some of these thresholds are slightly lower than results in the litera-
ture, enabling us to benchmark across software frameworks and to ensure that training
sessions consistently achieve the quality metric. Although selecting a lower threshold
that is achievable earlier in a training session reduces submission resources, we chose
higher thresholds that require longer training sessions for two reasons. First, we must
prevent optimizations from adversely affecting the final results (challenges described
in Sections 3.1.1.1 and 3.1.1.2). Second, we must minimize run-to-run variation, which
tends to be much higher early in training. For example, Figure 3.4 shows accuracy for
five training sessions of MLPerf v0.5’s ResNet-50 v1.5 reference implementation, where

the first 30 epochs exhibit considerably more noise.
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3.2.4 References and Hyperparameters

MLPerf provides a reference implementation for each benchmark, using either
the PyTorch or TensorFlow framework. References also include scripts or directions
to download and pre-process public data sets. References are not optimized for per-
formance (meaning they should not be used for performance assessment or compar-
ison), as their main purpose is to define a concrete implementation of a benchmark
model and training procedure. All submitters must follow these references - they may
re-implement a benchmark of their choice as long as the DNN model and training
operations are mathematically equivalent to the reference. Furthermore, MLPerf uses
reference implementations to establish the required quality thresholds.

MLPerf rules specify the modifiable hyperparameters (Figure 3.5), as well as re-
strictions on their modification. These restrictions are intended to balance the need to
tune for different systems with limiting the size of the hyperparameter search space to
be fair to submitters with smaller compute resources. For example, to accommodate a
wide range of training system scales, submissions must be able to adjust to minibatch
size used by SGD in order to showcase maximum system efficiency (this approach
is similar in concept to the Top500 LINPACK benchmark, which allows systems to
choose the problem size). To ensure that training still converges to the required thesh-
old, other hyperparameters - such as the learning rate schedule - may need adjustment
to match. For example, a common ResNet training practice is to increase the learning
rate linearly with the minibatch size[58]. Although these hyperparamter searches are
a common ML task, MLPert’s focus is on system optimization, rather than hyperpa-
rameter exploration and we do not want to penalize submitters who are unable to do
extensive searches. Therefore, we restrict hyperparameter tuning to a subset of all
possible parameters and values.

Further, we allow “hyperparameter borrowing” during the post-submission re-
view process in which one submitter may adopt another submitter’s hyperparameters
for a specific benchmark and re-submit their result (with no other hardware or soft-

ware changes allowed). In the first two rounds, hyperparameter borrowing was used
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successfully to improve several submissions, indicating hyperparameters are somewhat
portable. Typically, borrowing occurred across systems of similar scale, but did re-
sult in convergence across different numerics (FP16, bfloat16, and FP32), architectures
(CPU, GPU, and TPU), and software implementations (TF, cuDNN, and MKL-DNN).
MLPert working groups review the hyperparameter choices and requirements for each

benchmark round to account for advances in training ML models at scale.

3.3 Benchmarking Process

Next, we outline the process for submission and review and for reporting results
to account for innovative solutions, availability, and scale. We have run two rounds
of the MLPerf benchmark: v0.5 and v0.6. The time between rounds is about a few
months, allowing us to update the benchmark suite after each one. Every round has a

submission and review period followed by publication of results.

3.3.1 Submission and Review

An MLPerf submission consists of a system description, training session log
files, and all code and libraries required to reproduce the training sessions. All of this
information is publicly available on the MLPerf GitHub site, along with the MLPerf
results, allowing for reproducibility and enabling the community to improve the re-
sults in subsequent rounds. A system description includes both the hardware (number
of nodes, processor and accelerator counts and types, storage per node, and network
interconnect) and the software (operating system, as well as libraries and their ver-
sions). A training session log file contains a variety of structured information including
time stamps for important workload stages, quality metric evaluations at prescribed
intervals, and hyperparameter choices. These logs are the foundation for analyzing
results.

Before publishing results, submissions are peer-reviewed for compliance with

MLPerf rules. Submitters receive notification of noncompliance, where applicable, and
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they may resubmit after addressing any such problems. Additionally, we permit some

hyperparameter borrowing as described earlier during this period.

3.3.2 Reporting Results
Each MLPerf submission has several labels: division (open or closed), category

(available, preview, or research), and system type (on-premises or cloud).

3.3.2.1 Submission Divisions

MLPerf has two submission divisions: closed and open. Both require that sub-
missions employ the same data set and quality metric as the corresponding reference
implementation.

The closed division is intended for direct system comparison, so it strives to
ensure workload equivalence by requiring that submissions be equivalent to reference
implementations. Equivalence includes mathematically identical model implementa-
tions, parameter initialization, optimizer and training schedules, and data processing
and traversal. To ensure fairness, this division also restricts hyperparameter modifica-
tion.

The open division is intended to encourage innovative solutions of important
practical problems and to encourage hardware/software co-design. It allows submis-
sions to employ model architectures, optimization procedures, and data augmentations

that differ from the reference implementations.

3.3.2.2 System Categories
To allow for a broad range of research and industry systems, we defined three
submission categories: available, preview, and research. These categories encourage
novel techniques and systems (e.g., from academic researchers), but they also distin-
guish between shipping products and proof-of-concept or early engineering samples.
The available category imposes requirements on both hardware and software
availability. Hardware must be either available for third-party rental on a cloud service

or, in the case of on-premises equipment, available for purchase. Supply and lead times
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for renting or purchasing should befit the system scale and company size. To ensure
that benchmark submissions are widely consumable and to discourage benchmark-
specific engineering, we also require that software in this category be versioned and
supported for general use.

Preview systems contain components that meet the available category criteria
within 60 days of the submission date or by the next submission cycle, whichever is
later. Any preview system must also be submitted to the available category by that
time.

Research submissions contain components unintended for production. An ex-
ample is an academic research prototype designed as a proof of concept, rather than
a robust product. This category also includes systems that are built from production

hardware and software but are larger in scale than available category configurations.

3.3.2.3 Reporting Scale

Modern ML training spans multiple orders of magnitude in system power draw
and cost. Therefore, comparisons are more useful if the reported performance includes
the scale. A common scale metric, such as cost or power, is not definable across a wide
range of systems (cloud, on-premises, and pre-production), so it requires differentiation
by system type.

In the first two MLPerf rounds, we included the system configuration (number
of processors and/or accelerators) alongside the performance scores. For on-premises
examples, future versions will include a power management specification. For cloud
systems, we derived a “cloud-scale” metric from the number of host processors, amount
of host memory, and number and type of accelerators. We empirically verified that
cloud scale correlates closely with cost across three major cloud providers. Reporting

of these scale metrics was optional in MLPerf v0.5 and v0.6.
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3.3.2.4 Reporting Scores

An MLPerf results report provides the time to train for each benchmark. Al-
though a single summary score that spans the entire suite may be desirable for system
comparisons, it is unsuited for MLPerf for two main reasons. First, a summary score
implies some weighting of individual benchmark scores. Given the diversity of system
users and the wide range of applications that MLPerf covers, no weighting scheme
is universally representative. Second, a summary score becomes less meaningful if a
submitter declines to report results on all benchmarks. Submitters can have multiple
reasons for omitting some benchmarks - not all are practical at every system scale
(for example, some models are untrainable at the minibatch sizes that the largest sys-
tems require for data parallel training). Additionally, some processors may target only

certain applications.

3.4 Results

MLPerf, like all benchmarks, aims to encourage innovation through construc-
tive competition; we measure progress by comparing results across submission rounds.
We have conducted two MLPerf training rounds thus far, v0.5 and v0.6. They were
six months apart, and the underlying hardware systems were unchanged. The results
that were either unmodified or underwent minor modifications between rounds show
that MLPerf is driving rapid performance and scaling improvement in both the im-
plementations and software stacks. Figure 3.6 shows that between the two submission
rounds, the best performance results for a 16-chip system increased by an average 1.3x
despite the higher quality target. Figure 3.7 reveals that the number of chips neces-
sary to produce the best overall performance result increased by an average of 5.5x.
Some of this improvement owes to better benchmark implementations and some to rule
changes, such as allowing the LARS[146] optimizer for large ResNet batches. However,
we believe submitters incorporated much of the performance and scaling improvements
into the underlying software infrastructure and passed them on to users. We expect

MLPerf to drive similar improvements through focused hardware innovation.
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Figure 3.1: Training epochs to reach the target quality for the MLPerf v0.5 NCF
(a) and MiniGo (b) benchmarks. Each experiment uses identical hy-
perparameters except for the random seed. For MiniGo, we observed
considerable variability across runs even when fixing the random seed

(same color).
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Data set
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Image classification

ImageNet
(Deng et al., 2009)

ResNet-50 v1.5
(MLPerf, 2019b)

74.9% Top-1 accuracy

Object detection COCO 2017 SSD-ResNet-34 1.2 mAP
(lightweight) (Linet al., 2014) (Liu et al., 2016) shem
Instance segmentation and COCO 2017 Mask R-CNN 37.7 Box min AP,
object detection (heavyweight)  (Linetal., 2014) (He et al., 2017a) 33.9 Mask min AP
Translation WMTI16 EN-DE GNMT

21.8 Sacre BLEU

(recurrent) (WMT, 2016) (Wu et al., 2016)
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Go MiniGo

Reinforcement learning

(9x9 Board)

(MLPerf, 2019a)
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Figure 3.3: MLPerf Training v0.5 benchmarks
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Figure 3.4: Top-1 accuracy of MLPerf v0.5 ResNet-50 benchmark over 100 epochs for
five runs (denoted by color) with identical hyperparameters but different
random seeds. The dashed line indicates the quality target of 74.9% Top-
1 accuracy. The early training phase exhibits much more variability than
later phases.
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Model Modifiable Hyperparmeters

Batch size, Learning-rate schedule
parameters

All that use SGD

ResNet-50 v1.5

Maximum samples per training

SSD-ResNet-34
patch

Mask R-CNN Number of image candidates

Learning-rate decay function,
TR Learning rate, Decay start, Decay
GNMT : e
interval, Warmup function, Warmup
steps

Optimizer: Adam (Kingma & Ba,
Transformer 2015) or Lazy Adam, Learning rate,
Warmup steps

NCF Optimizer: Adam or Lazy Adam,
Learning rate, 31, 32

Go (9x9 board)

Figure 3.5: MLPerf modifiable hyperparameters
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v0.5 to v0.6

0_
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R-CNN
Model

(a) Speedup.

Model Metric v0.5 v0.6
ResNet-50 Top-1 accuracy 749 159
SSD mAP 21.2 23
Mask R-CNN  Box/Mask min AP 37.7/39.9 Same
GNMT Sacre BLEU 21.8 24
Transformer BLEU 25 Same

(b) Quality targets.

Figure 3.6: Speedup in the fastest 16-chip entry from MLPerf version v0.5 to v0.6
for various benchmarks common to both (a) along with quality target
increases (b).
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Figure 3.7: Number of chips necessary to produce the fastest time to solution for
MLPerf versions v0.5 to v0.6. This number increased by as much as 5.5x
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Chapter 4

MLPERF INFERENCE BENCHMARK

Machine learning (ML) powers a variety of applications from computer vision|[64,
55, 95, 89] and natural language processing[135, 42] to self-driving cars[144, 7] and au-
tonomous robots[93]. ALthough ML model training has been a development bottleneck
and a considerable expense[4], inference has become a critical workload. Models can
serve as many as 200 trillion queries and perform over 6 billion translations per day[92].
To address these growing computational demands, hardware, software, and system de-
velopers have focused on inference performance for a variety of use cases by designing
optimized machine learning hardware and software. Estimates indicate that over 100
companies are targeting specialized inference chips[84]. By comparison, only about 20
companies are targeting training chips[129].

Each machine learning system takes a unique approach to inference, trading
off latency, throughput, power, and model quality. The result is many combinations
of machine learning tasks, models, data sets, frameworks, tool sets, libraries, archi-
tectures, and inference engines, making the task of evaluating inference performance
nearly intractable. The spectrum of tasks is broad, including, but not limited to, image
classification and localization, object detection and segmentation, machine translation,
automatic speech recognition, text to speech, and recommendations. Even for a specific
task, such as image classification, many machine learning models are viable. These
models serve in a variety of scenarios from taking a single picture on a smartphone
to continuously and concurrently detecting pedestrians through multiple cameras in
an autonomous vehicle. Consequently, machine learning tasks have vastly different
quality requirements and real-time processing demands. Even the implementations

of the model’s functions and operations can be highly framework specific, and they
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increase the complexity of the design task. To quantify these tradeoffs, the machine
learning field needs a benchmark that is architecturally neutral, representative, and
reproducible.

Both academic and industrial organizations have developed ML inference bench-
marks.  Examples of prior art include AIMatrix[3], EEMBC MLMark[38], and
AIXPRT|[131] from industry, as well as Al Benchmark[74], TBD[151], Fathom|[2], and
DAWNBench[37] from academia. Each one has made substantial contributions to ML
benchmarking, but they were designed without industry-wide input from ML system
designers. As a result, there is no consensus on representative machine learning models,
metrics, tasks, and rules.

We present MLPerf Inference[118], a standard ML inference benchmark suite
with proper metrics and a benchmarking method (that complements MILPerf
Training[97]) to fairly measure the inference performance of machine learning hard-
ware, software, and services. Industry and academia jointly developed the benchmark
suite and its methodology using input from researchers and developers at more than
30 organizations.

Over 200 ML engineers and practitioners contributed to the effort. MLPerf
Inference is a consensus on the best benchmarking techniques, forged by experts in
architecture, systems, and machine learning. We explain why designing the right ML
benchmarking metrics, creating realistic ML inference scenarios, and standardizing the
evaluation methods enables realistic performance optimization for inference quality.
We selected representative workloads for reproducibility and accessibility.

The ML ecosystem is rife with models. Comparing and contrasting ML sys-
tem performance across these models is non-trivial because they vary dramatically in
model complexity and execution characteristics. In addition, a name such as ResNet-
50, fails to uniquely or portably describe a model. Consequently, quantifying system
performance improvements with an unstable baseline is difficult.

A major contribution of MLPerf is the selection of representative models that

permit reproducible measurements. Based on industry consensus, MLPerf Inference
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comprises models that are mature and have earned community support. Because the
industry has studied them and can build efficient systems, benchmarking is accessible
and provides a snapshot of ML system technology. MLPerf models are also open source,
making them a potential research tool.

We identified scenarios for realistic evaluation.

Machine learning inference systems range from deeply embedded devices to
smartphones to data centers. They have a variety of real world applications and many
figures of merit, each requiring multiple performance metrics. The right metrics, re-
flecting production use cases, allow not just MLPerf, but also publications, to show
how a practical ML system would perform.

MLPerf Inference consists of four evaluation scenarios: single-stream, multi-
stream, server, and offline. We arrived at them by surveying MLPert’s broad mem-
bership, which includes both customers and vendors. These scenarios represent many
critical inference applications. We show that performance can vary drastically under
these scenarios and their corresponding metrics. MLPerf Inference provides a way to
simulate the realistic behavior of the inference system under test; such a feature is
unique among Al benchmarks.

We prescribe target qualities and tail-latency bounds in accordance with
real world use cases.

Quality and performance are intimately connected for all forms of machine learn-
ing. System architectures occasionally sacrifice model quality to reduce latency, reduce
total cost of ownership (TCO), or increase throughput. The tradeoffs among accuracy,
latency, and TCO are application-specific. Trading 1% model accuracy for 50% lower
TCO is prudent when identifying cat photos, but it is risky when detecting pedestrians
for autonomous vehicles.

To reflect this aspect of real deployments, MLPerf defines model quality targets.
We established per-model and scenario targets for inference latency and model quality.
The latency bounds and target qualities are based on input gathered from ML system

end users and ML practitioners. As MLPerf improves these parameters in accordance
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with industry needs, the broader research community can track them to stay relevant.
We set permissive rules that allow users to show both hardware and software
capabilities.

The community has embraced a variety of languages and libraries, so MLPerf
Inference is a semantic-level benchmark. We specify the task and the rules, but we
leave implementation to the submitters.

Our benchmarks allow submitters to optimize the reference models, run them
through their preferred software tool chain, and execute them on their hardware of
choice. Thus MLPerf Inference has two divisions: closed and open. Strict rules govern
the closed division, which addresses the lack of a standard inference benchmarking
workflow. The open division, on the other hand, allows submitters to change the
model and demonstrate different performance and quality targets.

We present an inference benchmarking method that allows the models to
change frequently while preserving the aforementioned contributions.

Machine learning evolves quickly, so the challenge for any benchmark is not
performing the tasks, but implementing a method that can withstand rapid change.

MLPerf Inference focuses heavily on the benchmark’s modular design to make
adding new models and tasks less costly while preserving the usage scenarios, target
qualities, and infrastructure. As we show in Section 4.5.5, our design has allowed users
to add new models easily. We plan to extend the scope to include more areas and
tasks. We are working to add new models (e.g., recommendation and time series),
new scenarios (e.g., “burst” mode), better tools (e.g., a mobile application), and better
metrics (e.g., timing pre-processing) to better reflect the performance of the entire ML
pipeline.

Impact

MLPerf Inference (version 0.5) was put to the test in October 2019. We received
over 600 submissions from 14 organizations, spanning various tasks, frameworks, and
platforms. Audit tests automatically evaluated the submissions and cleared 595 of them

as valid. The results show a four-orders-of-magnitude performance variation, ranging
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from embedded devices and smartphones to data center systems, demonstrating how
the different metrics and inference scenarios are useful in more robustly assessing Al

inference accelerators.

4.1 Inference Benchmarking Challenges
A useful ML benchmark must overcome three critical challenges: the diversity

of models, the variety of deployment scenarios, and the array of inference systems.

4.1.1 Diversity of Models

Choosing the right models for a benchmark is difficult; the choice depends on
the application. For example, pedestrian detection in autonomous vehicles has a much
higher accuracy requirement than does labeling animals in photographs, owing to the
different consequences of incorrect predictions. Similarly, quality-of-service (QoS) re-
quirements for machine learning inference vary by several orders of magnitude from
effectively no latency constraint for offline processes to milliseconds for real-time ap-
plications.

Covering the vast design space necessitates careful selection of models that rep-
resent realistic scenarios. Even for a single ML task, such as image classification,
numerous models present different tradeoffs between accuracy and computational com-
plexity, as Figure 4.1 shows. These models vary tremendously in compute and memory
requirements (e.g., a 50x difference in FLOPS), while the corresponding Top-1 ac-
curacy ranges from 55% to 83%][17]. This variation creates a Pareto frontier rather
than one of optimal choice. Even a small accuracy change (e.g., a few percent) can
drastically alter the computational requirements (e.g., by 5-10x). For example, SE-
ResNeXt-50[72, 143] and Xception[32] achieve roughly the same accuracy ( 79%), but

exhibit a 2x computational difference.

4.1.2 Deployment Scenario Diversity
In addition to accuracy and computational complexity, a representative ML

benchmark must take into account the input data’s availability and arrival pattern
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Figure 4.1: An example of ML model diversity for image classification (plot from [4]).
No single model is optimal; each one presents a design tradeoff between
accuracy, memory requirements, and computational complexity.

across a variety of application-deployment scenarios. For example, in offline batch pro-
cessing, such as photo categorization, all the data may be readily available in (network)
storage, allowing accelerators to reach and maintain peak performance. By contrast,
translation, image tagging, and other tasks experience variable arrival patterns based
on end-user traffic.

Similarly, real-time applications, such as augmented reality and autonomous
vehicles handle a constant flow of data, rather than having it all in memory. Although

the same model architecture could serve in each scenario, data batching and similar

ol



ML Computer Spesch Language Autonomous
Applications iskon P Translation Dinving
ML
Data Sets ‘ ImageMst | | cCoco | | vYoC ‘ ‘ KITTI | ‘ WMT |
ML 3
Models ‘ Reshlet | ‘GoogLeNel | Squeezelet | MobileNet ‘ 55D ‘ ‘ GNMT |
ML Paddle
Frsiinnreike TensorFlow ‘ | PyTorch ‘ Caffe ‘ |MXN&1 | CNTK | Paddle | |Theano
Graph
Farmats NMEF OMNMX
Graph
Compilers ‘ XLA ‘ nGraph‘ | Ghow ‘ ‘ VM ‘
Optimized MEL .
Libraries | DN ‘ |CUDA| CuBLAS ‘ | OpenBLAS | ‘ Eigen
Uncratuiy ‘ Linux ‘ Windows | MacOS | | Android | | RTOS |
Systems
Hardware
Targets ‘ CPUs ‘ GPUs ‘ TPUs ‘ | NPUs DSPs |FPGAS‘ Accelerators ‘

Figure 4.2: The diversity of options at every level of the stack, along with combina-
tions across the layers, make benchmarking inference systems difficult.

optimizations may be applicable, leading to drastically different performance. Timing

this on-device inference latency alone fails to reflect the real-world requirements.

4.1.3 Inference System Diversity

The possible combinations of inference applications, data sets, models, machine
learning frameworks, tool sets, libraries, systems, and platforms are numerous, further
complicating systematic and reproducible benchmarking. Figure 4.2 shows the wide
breadth and depth of the ML space. The hardware and software side both exhibit
substantial complexity.

On the software side, about a dozen ML frameworks commonly serve for de-
veloping deep learning models, such as Caffe/Caffe2[79], Chainer[132], CNTK[120],
Keras[49], MXNet[27], TensorFlow[1], and PyTorch[112]. Independently, there are also
many optimized libraries, such as cuDNN[31], Intel MKL[76], and FBGEMM][86], sup-
porting various inference run times, such as Apple CoreML[5], Intel OpenVINO[75],
NVIDIA TensorRT[109], ONNX Runtime[8], Qualcomm SNPE[115], and TF-Lite[91].
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Each combination has idiosyncrasies that make supporting the most current neural net-
work model architectures a challenge. Consider the non-maximum-suppression (NMS)
operator for object detection. When training object detection models in TensorFlow,
the regular NMS operator smooths out imprecise bounding boxes for a single object.
However, this implementation is unavailable in TensorFlow Lite, which is tailored for
mobile and instead implements fast NMS. As a result, when converting the model
from TensorFlow to TensorFlow Lite, the accuracy of SSD-MobileNet-v1 decreases
from 23.1% to 22.3% mAP. Such subtle differences make it hard to port models ex-
actly from one framework to another.

On the hardware side, platforms are tremendously diverse, ranging from familiar
processors (e.g., CPUs; GPUs, and DSPs) to FPGAs, ASICs, and exotic accelerators,
such as analog and mixed-signal processors. Each platform comes with hardware-
specific features and constraints that enable or disrupt performance depending onthe

model and scenario.

4.2 Benchmark Design

Combining model diversity with the range of software systems presents a unique
challenge to deriving a robust ML benchmark that meets industry needs. To overcome
that challenge, we adopted a set of principles for developing a robust yet flexible offer-
ing based on community input. In this section, we describe the benchmarks, quality

targets, and scenarios under which the ML systems can be evaluated.

4.2.1 Representative, Broadly Accessible Workloads

Designing ML benchmarks is different from designing non-ML benchmarks.
MLPerf defines high-level tasks (e.g., image classification) that a machine learning
system can perform. For each, we provide one or more canonical reference models in
a few widely used frameworks. Any implementation that is mathematically equivalent
to the reference model is considered valid, and certain other deviations (e.g., numerical

formats) are also allowed. For example, a fully connected layer can be implemented
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AREA | TASK | REFERENCE MODEL | DATA SET | QUALITY TARGET
RESNET-50 V1.5
VISION IMAGE CLASSIFICATION (HEAVY) 25.6M PARAMETERS | IMAGENET (224x224) | 99% OF FP32 (76.456%) TOP-1 ACCURACY
8.2 GOPS / INPUT
MOBILENET-V 1 224
VISION IMAGE CLASSIFICATION (LIGHT) 4.2M PARAMETERS | IMAGENET (224x224) | 98% OF FP32 (71.676%) TOP-1 ACCURACY
1.138 GOPS / INPUT
SSD-RESNET-34
VISION OBJECT DETECTION (HEAVY) 36.3M PARAMETERS COCO (1,200x1,200) 99% oF FP32 (0.20 MAP)
433 GOPS / INPUT
SSD-MOBILENET-V |
VISION OBJECT DETECTION (LIGHT) 6.91M PARAMETERS COCO (300x300) 99% OF FP32 (0.22 MAP)
2.47 GOPS / INPUT
LANGUAGE MACHINE TRANSLATION GNNY WMT16 EN-DE 99% OF FP32 (23.9 SACREBLEU)
210M PARAMETERS T

Figure 4.3: ML tasks in MLPerf Inference v0.5. Each one reflects critical commercial
and research use cases for a large class of submitters, and together they
cover a broad set of computing motifs (e.g., CNNs and RNNs).

with different cache-blocking and evaluation strategies. Consequently, submitted re-
sults require optimizations to achieve good performance.

A reference model and a valid class of equivalent implementations gives most
ML systems freedom while still enabling relevant comparisons. MLPerf provides refer-
ence models using 32-bit floating point weights and, for convenience, carefully imple-
mented equivalent models to address three formats: TensorFlow[1], PyTorch[112], and
ONNX|8].

As Figure 4.3 illustrates, we chose an initial set of vision and language tasks,
along with associated reference models. Together, vision and translation serve widely
across computing systems, from edge devices to cloud data centers. Mature and well-
behaved reference models with different architectures (e.g., CNNs and RNNs were
available, too.

Image classification

Many commercial applications employ image classification, which is a de facto
standard for evaluating ML system performance. A classifier network takes an im-
age and selects the class that best describes it. Example applications include photo
searches, text extraction, and industrial automation, such as object sorting and defect
detection. We use the ImageNet 2012 data set[41], crop the images to 224x224 in
pre-processing, and measure Top-1 accuracy.

We selected two models: a computationally heavyweight model that is more
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accurate and a computationally lightweight model that is faster, but less accurate.
The heavyweight model, ResNet-50 v1.5[64, 103], comes directly from the MLPerf
Training suite to maintain alignment. ResNet-50 is the most common network used
for performance claims. Unfortunately, it has multiple subtly different implementations
that make most comparisons difficult. We specifically selected ResNet-50 v1.5 to ensure
useful comparisons and compatibility across major frameworks. This network exhibits
good reproducibility, making it a low-risk choice.

The lightweight model, MobileNet-v1-224[71], employs smaller, depthwise-
separable convolutions to reduce the complexity and computational burden. MobileNet
networks offer varying compute and accuracy options - we selected the full-width, full-
resolution MobileNet-v1-1.0-224. It reduces the parameters by 6.1x and the opera-
tions by 6.8x compared with ResNet-50 v1.5. We evaluated both MobileNet-v1l and
MobileNet-v2[119] for the MLPerf Inference v0.5 suite, selecting the former because of
its wider adoption.

Object detection

Object detection is a vision task that determines the coordinates of bounding
boxes around objects in an image and then classifies those boxes. Implementations
typically use a pre-trained image classifier network as a backbone or feature extractor,
then perform regression for localization and bounding box selection. Object detection
is crucial for automotive tasks, such as detecting hazards and analyzing traffic, and for
mobile-retail tasks, such as identifying items in a picture. We chose the COCO data
set[94] with both a lightweight model and a heavyweight model.

Similar to image classification, we selected two models. Our small model uses
the 300x300 image size, which is typical of resolutions in smartphones and other com-
pact devices. For the larger model, we upscale the data set to more closely represent
the output of a high-definition image sensor (1.44 MP total). The choice of the larger
input size is based on community feedback, especially from automotive and indus-
trial automation customers. The quality metric for object detection is mean average

precision (mAP).
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The heavyweight object detector’s reference model is SSD[95] with a ResNet-
34 backbone, which also comes from our training benchmark. The lightweight object
detector’s reference model uses a MobileNet-v1-1.0 backbone, which is more typical for
constrained computing environments. We selected the MobileNet feature detector on
the basis of feedback from the mobile and embedded communities.
Translation

Neural machine translation (NMT) is popular in natural language processing.
NMT models translate a sequence of words from a source language to a target lan-
guage and appear in translation applications and services. Our translation data set
is WMT16 EN-DE[140]. The quality measurement is the Bilingual Evaluation Under-
study (BLEU) score[111], implemented using SacreBLEU[114]. Our reference model is
GNMT|142], which employs a well-established recurrent neural network (RNN) archi-
tecture and is part of the training benchmark. RNNs are popular for sequential and
time-series data, so including GNMT ensures our reference suite captures a variety of

compute motifs.

4.2.2 Robust Quality Targets

Quality and performance are intimately connected for all forms of machine
learning. Although the starting point for inference is a pre-trained reference model
that achieves a target quality, many system architectures can sacrifice model qual-
ity to reduce latency, reduce total cost of ownership (TCO), or increase throughput.
The tradeoffs between accuracy, latency, and TCO are application specific. Trading
1% model accuracy for 50% lower TCO is prudent when identifying cat photos, but
is is less so during online pedestrian detection. To reflect this important aspect, we
established per-model quality targets.

We require that almost all implementations achieve a quality target within 1% of
the FP32 reference model’s accuracy. For example, the ResNet-50 v1.5 model achieves

76.46% Top-1 accuracy, and an equivalent model must achieve at least 75.70% Top-1
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accuracy. Initial experiments, however, showed that for mobile-focused networks - Mo-
bileNet and SSD-MobileNet - the accuracy loss was unacceptable without re-training.
We were unable to proceed with the low accuracy as performance benchmarking would
become unrepresentative.

To address the accuracy drop, we took three steps. First, we trained the Mo-
bileNet models for quantization-friendly weights, enabling us to narrow the quality win-
dow to 2%. Second, to reduce the training sensitivity of MobileNet-based submissions,
we provided equivalent MobileNet and SSD-MobileNet implementations quantized to
an 8-bit integer format. Third, for SSD-MobileNet, we reduced the quality requirement
to 22.0% mAP to account for the challenges of using a MobileNet backbone.

To improve the submission comparability, we disallow re-training. Our prior
experience and feasibility confirmed that for 8-bit integer arithmetic, which was an
expected deployment path for many systems, the 1% relative-accuracy target was

easily achievable without re-training.

4.2.3 Realistic End-User Scenarios

ML applications have a variety of usage models and many figures of merit,
which in turn require multiple performance metrics. For example, the figure of merit
for an image recognition system that classifies a video camera’s output will be entirely
different than for a cloud-based translation system.

To address these scenarios, we surveyed MLPert’s broad membership, which
includes both customers and vendors. On the basis of that feedback, we identified
four scenarios that represent many critical inference applications: single-stream, multi-
stream, server, and offline. These scenarios emulate the ML workload behavior of
mobile devices, autonomous vehicles, robotics, and cloud-based systems (Figure 4.4).
Single-stream

The single-stream scenario represents one inference-query stream with a query
sample size of 1, reflecting the many client applications where responsiveness is critical.

An example is offline voice transcription on Google’s Pixel 4 smartphone. To measure
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SCENARIO | QUERY GENERATION | METRIC | SAMPLES/QUERY | EXAMPLES

SINGLE-STREAM (SS) SEQUENTIAL 90TH-PERCENTILE LATENCY 1 AXPING AUTOCOMPLELE,
REAL-TIME AR
NUMBER OF STREAMS z MULTICAMERA DRIVER ASSISTANCE,
MULTISTREAM (MS) | ARRIVAL INTERVAL WITH DROPPING | (oo 05 o (Pt o N AR SE AL ACTOMATION
SERVER (S) POISSON DISTRIBUTION QUERIES PER SECOND 1 TRANSLATION WEBSITE
SUBJECT TO LATENCY BOUND
OFFLINE (O) BAaTcH THROUGHPUT AT LEAST 24,576 PHOTO CATEGORIZATION

Figure 4.4: Scenario description and metrics. Each scenario targets a real-world use
case based on customer and vendor input.

performance, we inject a single query into the inference system; when the query is
complete, we record the completion time and inject the next query. The metric is the
query stream’s 90th-percentile latency.
Multi-stream

The multi-stream scenario represents applications with a stream of queries, but
each query comprises multiple inferences, reflecting a variety of industrial automation
and remote sensing tasks. For example, many autonomous vehicles analyze frames
from multiple cameras simultaneously. To model a concurrent scenario, we send a
new query comprising N input samples at a fixed time interval (e.g., 50 ms). The
interval is benchmark-specific and also acts as a latency bound that ranges from 50
to 100 milliseconds. If the system is available, it processes the incoming query. If it
is still processing the prior query in an interval, it skips that interval and delays the
remaining queries by one interval. No more than 1% of the queries may produce one or
more skipped intervals. A query’s N input samples are contiguous in memory, which
accurately reflects production input pipelines and avoids penalizing systems that would
otherwise require copying of samples to a contiguous memory region before starting
inference. The performance metric is the integer number of streams that the system
supports while meeting the QoS requirement.
Server

The server scenario represents online applicatoins where query arrival is random
and latency is important. Almost every consumer-facing website is a good example,
including services such as online translation from Baidu, Google, and Microsoft. For

this scenario, queries have one sample each, in accordance with a Poisson distribution.
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The system under test responds to each query within a benchmark-specific latency
bound that varies from 15 to 250 milliseconds. No more than 1% of queries may
exceed the latency bound for the vision tasks and no more than 3% may do so for
translation. The server scenario’s performance metric is the Poisson parameter that
indicates the queries-per-second (QPS) achievable while meeting the QoS requirement.
Offline

The offline scenario represents batch-processing applications where all data is
immediately available and latency is unconstrained. An example is identifying the
people and locations within a photo album. For this scenario, we send a single query
that includes all sample-data IDs to be processed, and the system is free to process the
input data in any order. Similar to the multi-stream scenario, neighboring samples in
the query are contiguous in memory. The metric for the offline scenario is throughput
measured in samples per second.

For the multi-stream and server scenarios, latency is a critical component of
the system behavior and constrains various performance optimizations. For example,
most inference systems require a minimum (and architecture-specific) batch size to
fully utilize the underlying computational resources. However, the query arrival rate
in servers is random, so they must optimize for tail latency and potentially process
inferences with a sub-optimal batch size.

Figure 4.5 shows the latency constraints for each task in MLPerf Inference v0.5.
As with other aspects of the benchmark, we selected these constraints on the basis
of feasibility and community consultation. The multi-stream scenario’s arrival times
for most vision tasks correspond to a framerate of 15-20 Hz, which is a minimum for
many applications. The server scenario’s QoS constraints derive from estimates of the

inference timing budget, given an overall user latency target.

4.2.4 Statistically Confident Tail-Latency Bounds
Each task and scenario combination requires a minimum number of queries

to ensure results are statistically robust and adequately capture steady-state system
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MULTISTREAM | SERVER QOS

Task ARRIVAL TIME | CONSTRAINT
IMAGE CLASSIFICATION (HEAVY) 50 Ms 15 MS
IMAGE CLASSIFICATION (LIGHT) 50 MS 10 MS
OBJECT DETECTION (HEAVY) 66 MS 100 MS
OBIJECT DETECTION (LIGHT) 50 Ms 10 Ms
MACHINE TRANSLATION 100 Ms 250 Ms

Figure 4.5: Latency constraints in the multi-stream and server scenarios.

behavior. That number is determined by the tail-latency percentile, the desired margin,
and the desired confidence interval. Confidence is the probability that a latency bound
is within a particular margin of the reported result. We chose a 99% confidence bound
and set the margin to a value much less than the difference between the tail-latency
percentage and 100%. Conceptually, that margin ought to be relatively small. Thus,
our selection is one-twentieth of the difference between the tail-latency percentage and
100%. The equation is as follows:

1 — T'ail Latency
20

1 — Confidence o
Ay

.
y T'ail Latency x (1 — Tail Latency) (2)

Margin®

Margin = (1)

NumQueries = (Normsinu(

Figure 4.6:

Equation 2 provides the number of queries that are necessary to achieve a statis-
tically valid measurement. The math for determining the appropriate sample size for a
latency-bound throughput experiment is the same as that for determining the appro-
priate sample size for an electoral poll given an infinite electorate where three variables

determine the sample size: tail-latency percentage, confidence, and margin[128].
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TAIL-LATENCY | CONFIDENCE ERROR RoUNDED

PERCENTILE INTERVAL MARGIN INFERENCES INFERENCES
90% 99% 0.50% 23,886 3 x 28 = 24 576
95% 999 0.25% 50,425 7 x 2% = 57,344
999% 99% 0.05% 262,742 33 x 2% = 270,336

Figure 4.7: Query requirements for statistical confidence. All results must meet the
minimum LoadGen scenario requirements.

MODEI NUMBER OF QUERIES / SAMPLES PER QUERY
- SINGLE-STREAM | MULTISTREAM | SERVER | OFFLINE
IMAGE CLASSIFICATION (HEAVY) 1K/ 1 270K/ N 270K/ 1 1/24K
IMAGE CLASSIFICATION (LIGHT) 1K/ 1 270K/ N 270K/ 1 1/24K
OBIECT DETECTION (HEAVY) 1K/ 1 270K/ N 270K/ 1 1/24K
OBIJECT DETECTION (LIGHT) 1K/ 1 270K/ N 270K 7 1 1/24K
MACHINE TRANSLATION 1K/ 1 QK /N 90K /1 1/24K

Figure 4.8: Number of queries and samples per query for each task.

Figure 4.7 shows the query requirements. The total query count and tail-latency
percentile are scenario- and task-specific. The single-stream scenario require 1,024
queries, and the offline scenario requires 1 query with at least 24,576 samples. The
former has the fewest queries to execute, as we wanted the run time to be short enough
that embedded platforms and smartphones could complete the benchmarks quickly.

For scenarios with latency requirements, our goal is to ensure a 99% confidence
interval that the constraints hold. As a result, the benchmarks with more stringent
latency constraints require more queries in a highly non-linear fashion. The number
of queries is based on the aforementioned statistics and is rounded up to the nearest
multiple of 2'3.

A 99th-percentile guarantee requires 262,742 queries, which rounds up to 33 x
212 or 270K. For both multi-stream and server, this guarantee for vision tasks requires
270K queries, as Figure 4.8 shows. Because a multi-stream benchmark will process N
samples per query, the total number of samples will be N x 270K. Machine translation

has a 97th-percentile latency guarantee and requires only 90K queries.
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For repeatability, we run the multi-stream and server scenarios several times.
However, the multi-stream scenario’s arrival rate and query count guarantee a 2.5- to
7.0-hour run time. To strike a balance between repeatability and run time, we require
five runs for the server scenario, with the result being the minimum of these five. The
other scenarios require one run. We expect to revisit this choice in future MLPerf
versions.

All benchmarks must also run for at least 60 seconds and process additional
queries and/or samples as the scenarios require. The minimum run time ensures we
measure the equilibrium behavior of power-management systems and systems that
support dynamic voltage and frequency scaling (DVFS), particularly for the single-

stream scenario with few queries.

4.3 Inference Submission System

An MLPerf Inference submission system contains a system under test (SUT),
the load generator (LoadGen), a data set, and an accuracy script. In this section,
we describe these various components. Figure 4.9 shows an overview of an inference
system. The data set, LoadGen, and accuracy script are fixed for all submissions
and are provided by MLPerf. Submitters have wide discretion to implement an SUT
according to their architecture’s requirements and their engineering judgment. By es-
tablishing a clear boundary between submitter-owned and MLPerf-owned components,

the benchmark maintains comparability among submissions.

4.3.1 System Under Test

The submitter is responsible for the system under test. The goal of MLPerf Infer-
ence is to measure system performance across a wide variety of architectures. However,
realism, comparability, architecture neutrality, and friendliness to small submission
teams require careful tradeoffs. For instance, some deployments have teams of com-
piler, computer architecture, and machine learning experts aggressively co-optimizing

the training and inference systems to achieve cost, accuracy, and latency targets across
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Figure 4.9: MLPerf Inference system under test (SUT) and associated components.
First, the LoadGen requests that the SUT load samples (1). The SUT
then loads samples into memory (2-3) and signals the LoadGen when it
is ready (4). Next, the LoadGen issues requests to the SUT (5). The
benchmark processes the results and returns them to the LoadGen (6),
which then outputs logs for the accuracy script to read and verify (7).

a massive global customer base. An unconstrained benchmark would disadvantage
companies with less experience and fewer ML training resources.

Therefore, we set the model equivalence rules to allow submitters to, for effi-
ciency, re-implement models on different architectures. The rules provide a complete
list of disallowed techniques and a list of allowed technique examples. We chose an
explicit blacklist to encourage a wide range of techniques and to support architectural
diversity. The list of examples illustrates the blacklist boundaries while also encourag-
ing common and appropriate optimizations.

Examples of allowed techniques include arbitrary data arrangement, as well
as different input and in-memory representations of weights, mathematically equiva-
lent transformations, approximations (e.g., replacing a transcendental function with a

polynomial), out-of-order query processing within the scenario’s limits, replacing dense
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operations with mathematically equivalent sparse operations, fusing and unfusing op-
erations, and dynamically switching between one or more batch sizes.

To promote architecture and application neutrality, we adopted untimed pre-
processing. Implementations may transform their inputs into system-specific ideal
forms as an untimed operation. Ideally, a whole-system benchmark should capture all
performance-relevant operations. In MLPerf, however, we explicitly allow untimed pre-
processing. For example, systems with integrated cameras can use hardware/software
co-design to ensure that images reach memory in an ideal format; systems accepting
JPEGs from the Internet cannot.

We also allow and enable quantization to many different numerical formats
to ensure architecture neutrality. Submitters register their numerics ahead of time to
help guide accuracy target discussions. The approved list includes INT4, INTS, INT16,
UINTS, UINT16, FP11 (1-bit sign, 5-bit mantissa, and 5-bit exponent), FP16, bfloat 16,
and FP32. Quantization to lower-precision formats typically requires calibration to
ensure sufficient inference quality. For each reference model, MLPerf provides a small,
fixed data set that can be used to calibrate a quantized network. Additionally, it offers
MobileNet versions that are pre-quantized to INTS, since without re-training (which
we disallow), the accuracy falls dramatically.

Prohibited techniques

We prohibit re-training and pruning to ensure comparability. Although this
restriction may fail to reflect realistic deployment in some cases, the interlocking re-
quirements to use reference weights (possibly with calibration) and minimum accuracy
targets are most important for comparability. We may eventually relax this restriction.

To simplify the benchmark evaluation, we disallow caching. In practice, in-
ference systems cache queries. For example, “I love you” is one of Google Translate’s
most frequent queries, but the service does not translate the phrase ab initio each time.
Realistically modeling caching in a benchmark, however, is difficult because cache-hit
rates vary substantially with the application. Furthermore, our data sets are relatively

small, and large systems could easily cache them in their entirety.
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We also prohibit optimizations that are benchmark- or dataset-aware and that
are inapplicable to production environments. For example, real query traffic is unpre-
dictable, but for the benchmark, the traffic pattern is pre-determined by the pseudorandom-
number-generator seed. Optimizations that take advantage of a fixed number of queries
or that take the LoadGen implementation into account are prohibited. Similarly, any
optimization employing the statistics of the performance or accuracy data sets is for-

bidden.

4.3.2 Load Generator

The LoadGen is a traffic generator for MLPerf Inference that loads the SUT and
measures performance. Its behavior is controlled by a configuration file it reads at the
start of the run. The LoadGen produces the query traffic according to the rules of the
previously described scenarios (i.e., single-stream, multi-stream, server, and offline).
Additionally, it collects information for logging, debugging, and post-processing the
data. It records queries and responses from the SUT, and at the end of the run, it
reports statistics, summarizes the results, and determines whether the run was valid.
Figure4.10 shows how the LoadGen creates query traffic for each scenario. In the
server scenario, for instance, it issues queries in accordance with a Poisson distribution
to mimic a server’s query-arrival rates. In the single-stream case, it issues a query to
the SUT and waits for the completion of that query before issuing another.

At startup, the LoadGen requests that the SUT load data set samples into
memory. The SUT may load them into DRAM as an untimed operation and perform
the other timed operations as the rules stipulate. These untimed operations include,
but are not limited to, compilation, cache warmup, and pre-processing. The SUT
signals the LoadGen when it is ready to receive the first query; a query is a request for
inference on one or more samples. The LoadGen sends queries to the SUT in accordance
with the selected scenario. Depending on that scenario, it can submit queries one at a
time, at regular intervals, or in a Poisson distribution. The SUT runs inference on each

query and sends the response back to the LoadGen, which either logs the response or
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Figure 4.10: Timing and number of queries from the LoadGen.

discards it. After the run, an accuracy script checks the logged responses to determine
whether the model accuracy is within tolerance.

The LoadGen has two primary operating modes: accuracy and performance.
Both are necessary to validate MLPerf submissions. In accuracy mode, the LoadGen
goes through the entire data set for the ML task. The model’s task is to run inference
on the complete data set. Afterward, accuracy results appear in the log files, ensuring
the model met the required quality target. In performance mode, the LoadGen avoids
going through the entire data set, as the system’s performance can be determined by
subjecting it to enough data set samples.

We designed the LoadGen to flexibly handle changes to the benchmark suite.
MLPerf Inference has an interface between the SUT and LoadGen so it can handle new
scenarios and experiments in the LoadGen and roll them out to all models and SUTs
without extra effort. Doing so also facilitates compliance and auditing, since many
technical rules about query arrivals, timing, and accuracy are implemented outside of
submitter code. We achieved this feat by decoupling the LoadGen from the benchmarks

and the internal representations (e.g., the model, scenarios, and quality and latency
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metrics). The LoadGen implementation is a standalone C++ module.

The decoupling allows the LoadGen to support various language bindings, per-
mitting benchmark implementations in any language. The LoadGen supports Python,
C, and C++ bindings; additional bindings can be added. Another benefit of decou-
pling the LoadGen from the benchmark is that the LoadGen is extensible to support
more scenarios, such as a multi-tenancy mode where the SUT must continuously serve
multiple models while maintaining QoS constraints.

Moreover, placing the performance measurement code outside of submitter code
fits with MLPert’s goal of end-to-end system benchmarking. The LoadGen therefore
measures the holistic performance of the entire SUT, rather than any individual part.
Finally, this condition enhances the benchmark’s realism: inference engines typically

serve as black box components of larger systems.

4.3.3 Data Set

We employ standard and publicly available data sets to ensure the community
can participate. We do not host them directly, however. Instead, MLPerf downloads
the data set before LoadGen uses it to run the benchmark. Figure 4.3 lists the data

sets that we selected for each of the benchmarks.

4.3.4 Accuracy Checker

The LoadGen also has features that ensure the submission system complies with
the rules. In addition, it can self-check to determine whether its source code has been
modified during the submission process. To facilitate validation, the submitter provides
an experimental config file that allows use of non-default LoadGen features. Details

are in Section 4.4.2.

4.4 Submission System Evaluation
In this section, we describe the submission, review, and reporting process. Par-
ticipants can submit results to different divisions and categories. All submissions are

peer-reviewed for validity. Finally, we describe how the results are reported.
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4.4.1 Result Submissions, Divisions, and Categories

A result submission contains information about the SUT: performance scores,
benchmark code, a system description file that highlights the SUT’s main configura-
tion characteristics (e.g., accelerator count, CPU count, software release, and memory
system), and LoadGen log files detailing the performance and accuracy runs for a set of
task and scenario combinations. All this data is uploaded to a public GitHub repository
for peer review and validation before release.

MLPerf Inference is a suite of tasks and scenarios that ensures broad coverage,
but a submission can contain a subset of them. Many traditional benchmarks, such
as SPEC CPU, require submissions for all components. This approach is logical for a
general purpose processor that runs arbitrary code, but ML systems are often highly
specialized.

Divisions

MLPerf Inference has two divisions for submitting results: closed and open.
Participants can send results to either or both, but they must use the same data set.

The closed division enables comparison of different systems. Submitters employ
the same models, data sets, and quality targets to ensure comparability across wildly
different architectures. This division requires pre-processing, post-processing, and a
model that is equivalent to the reference implementation. It also permits calibration
for quantization (using the calibration data set we provide) and prohibits re-training.

The open division fosters innovation in ML systems, algorithms, optimization,
and hardware/software co-design. Participants must still perform the same ML task,
but they may change the model architecture and the quality targets. This division
allows arbitrary pre- and post-processing and arbitrary models, including techniques
such as re-training. In general, submissions are directly comparable neither with each
other, nor with closed submissions. Each open submission must include documentation
about how it deviates from the closed division.

Categories
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Following MLPerf Training, participants classify their submissions into one of
three categories on the basis of hardware and software availability: available; preview;
and research, development, or other systems (RDO). This categorization helps con-
sumers identify the systems’ maturity and whether they are readily available (for rent

or purchase).

4.4.2 Result Review

A challenge of benchmarking inference systems is that many include proprietary
and closed-source components, such as inference engines and quantization flows, that
make peer review difficult. To accommodate these systems while ensuring reproducible
results that are free from common errors, we developed a validation suite to assist with
peer review. These validation tools perform experiments that help determine whether
a submission complies with the defined rules.
Accuracy verification

The purpose of this test is to ensure valid inferences in performance mode. By
default, the results that the inference system returns to the LoadGen are not logged
and thus are not checked for accuracy. This choice reduces or eliminates processing
overhead to allow accurate measurement of the inference system’s performance. In this
test, results returned from the SUT to the LoadGen are logged randomly. The log is
checked against the log generated in accuracy mode to ensure consistency.
On-the-fly caching detection

The LoadGen produces queries by randomly selecting query samples with re-
placement from the data set, and inference systems may receive queries with duplicate
samples. This duplication is likely for high performance systems that process many
samples relative to the data set size. To represent realistic deployments, the rules
prohibit caching of queries and intermediate data. The test has two parts: the first
generates queries with unique sample indices, and the second generates queries with

duplicate sample indices. It measures performance in each case. The way to detect
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caching is to determine whether the test with duplicate sample indices runs significantly
faster than the test with unique sample indices.
Alternate-random-seed testing

Ordinarily, the LoadGen produces queries on the basis of a fixed random seed.
Optimizations based on that seed are prohibited. The alternate-random-seed test re-
places the official random seed with alternates and measures the resulting performance.
Custom data sets

In addition to the LoadGen’s validation features, we use custom data sets to
detect result caching. MLPerf Inference validates this behavior by replacing the refer-
ence data set with a custom data set. We measure the quality and performance of the

system operating on the latter and compare the results with operation on the former.

4.4.3 Result Reporting

MLPerf Inference provides no “summary score.” Benchmarking efforts often
elicit a strong desire to distill the capabilities of a complex system to a single number
and thereby enable comparison of different systems. However, not all ML tasks are
equally important for all systems, and the job of weighting some more heavily than
others is highly subjective. At best, weighting and summarization are driven by the
submitter catering to customer needs, as some systems may be designed for specific
ML tasks. For instance, a system may be highly optimized for vision rather than
translation. In such cases, averaging the results across all tasks makes no sense, as the

submitter may not be targeting those markets.

4.5 Benchmark Assessment

On October 11, we put the inference benchmark to the test. We received from
14 organizations more than 600 submissions in all three categories (available, preview,
and RDO) across the closed and open divisions. The results are the most extensive
corpus of inference performance data available to the public, covering a range of ML

tasks and scenarios, hardware architectures, and software runtimes. Each has gone
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through extensive review before receiving approval as a valid MLPerf result. After
review, we cleared 595 results as valid. In this section, we assess the closed division

results on the basis of our inference benchmark objectives.

e Pick representative workloads for reproducibility, and allow everyone to access
them (Section 4.5.1).

e Identify usage scenarios for realistic evaluation (Section 4.5.2).

e Set permissive rules that allow submitters to showcase both hardware and soft-
ware capabilities (Sections 4.5.3 and 4.5.4).

e Describe a method that allows the benchmarks to change (Section 4.5.5).

4.5.1 Task Coverage

Because we allow submitters to pick any task to evaluate their system’s perfor-
mance, the distribution of results across tasks can reveal whether those tasks are of
interest to ML system vendors. We analyzed the submissions to determine the overall
coverage. Figure 4.11 shows the breakdown for the tasks and models in the closed
division. Although the most popular model was - unsurprisingly - ResNet-50 v1.5, it
was just under three times as popular as GNMT, the least popular model. This small
spread and otherwise uniform distribution suggests we selected a representative set of
tasks.

In addition to selecting representative tasks, another goal is to provide vendors
with varying quality and performance targets. The ideal ML model may differ with
the use case (as Figure 4.1 shows, a vast range of models can target a given task).
Our results reveal that vendors equally supported different models for the same task
because each model has unique quality and performance tradeoffs. In the case of object

detection, we saw about the same number of submissions for both SSD-MobileNet-v1

and SSD-ResNet-34.

4.5.2 Scenario Usage
We aim to evaluate systems in realistic use cases - a major motivator for the

LoadGen and scenarios. To this end, Figure 4.12 shows the distribution of results
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Figure 4.11: Results from the closed division. The distribution indicates we selected
representative workloads for the benchmark’s initial release.

among the various task and scenario combinations. Across all tasks, the single-stream
and offline scenarios are the most widely used and are also the easiest to optimize
and run. Server and multi-stream were more complicated and had longer run times
because of the QoS requirements and more numerous queries. GNMT garnered no
multi-stream submissions, possibly because the constant arrival interval is unrealistic
in machine translation. Therefore, it was the only model and scenario combination
with no submissions.

The realistic MLPerf Inference scenarios are novel and illustrate many impor-
tant and complex performance considerations that architects face, but that studies
often overlook. Figure 4.13 demonstrates that all systems deliver less throughput for
the server scenario than for the offline scenario owing to the latency constraint and
attendant sub-optimal batching. Optimizing for latency is challenging and underap-
preciated.

Not all systems handle latency constraints equally well, however. For example,

system B loses about 50% or more of its throughput for all three models, while system
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| SINGLE-STREAM | MULTISTREAM | SERVER | OFFLINE

GNMT 2 0 6 11
MoOBILENET-V1 18 3 5 11
RESNET-50 v1.5 19 5 10 20

SSD-MoOBILENET-V1 8 3 5 13
SSD-REsSNET-34 4 4 7 12
TotaL | 51 15 | 33 | 67

Figure 4.12: High coverage of models and scenarios.

A loses as much as 40% for NMT, but approximately 10% for the vision models. The
throughput degradation differences may be a result of a hardware architecture opti-
mized for low batch size or more effective dynamic batching in the inference engine and
software stack - or, more likely, a combination of the two. Even with this limited data,
one clear implication is that a performance comparison with unconstrained latency
has little bearing on a latency-constrained scenario. Therefore, performance analysis
should ideally include both.

Additionally, the performance impact of latency constraints varies with network
type. Across all five systems with NMT results, the throughput reduction for the server
scenario is 39-55%. In contrast, the throughput reduction for ResNet-50 v1.5 varies
from 3% to 35% with an average of about 20%, and the average for MobileNet-v1 is
under 10%. The vast throughput reduction differences likely reflect some combination
of NMT’s variable text input, more significant software stack optimization, and NMT’s
more complex network architecture. A second lesson from this data is that the impact of
latency constraints on different models extrapolates poorly. Even among classification
models, the average performance loss for ResNet-50 v1.5 is approximately double that

of MobileNet-v1.

4.5.3 Processor Types and Software Frameworks

A variety of platforms can employ ML solutions, from fully general purpose

CPUs to programmable GPUs and DSPs, FPGAs, and fixed-function accelerators. Our
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Figure 4.13: Throughput degradation from server scenario (which has a latency con-
straint) for 11 arbitrarily chosen systems from the closed division. The
server scenario performance for each model is normalized to the perfor-
mance of that same model in the offline scenario. A score of 1 corre-
sponds to a model delivering the same throughput for the offline and
server scenarios. Some systems, including C, D, I, and J, lack results
for certain models because participants need not submit results for all
models.

Server-to-Offline Throughput
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results reflect this diversity. Figure 4.14 shows that the MLPerf Inference submissions
covered most hardware categories, indicating our v0.5 benchmark suite and method
can evaluate any processor architecture.

Many ML software frameworks accompany the various processor types. Figure
4.15 shows the frameworks for benchmarking the hardware platforms. ML software
plays a vital role in unleashing the hardware’s performance. Some runtimes are de-
signed to work with certain hardware types to fully harness their capabilities; employing
the hardware without the corresponding framework may still succeed, but the perfor-
mance may fall short of the hardware’s potential. The figure shows that CPUs have

the most framework diversity and that TensorFlow has the most architectural variety.

4.5.4 System Diversity
The submissions cover a broad power and performance range, from mobile and

edge devices to cloud computing. The performance delta between the smallest and
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Figure 4.14: Results from the closed divison. They cover almost every kind of pro-
cessor architecture - CPUs, GPUs, DSPs, FPGAs, and ASICs.

largest inference systems is four orders of magnitude, or about 10,000x.

Figure 4.16 shows the results across all tasks and scenarios except for GNMT
(MS), which had no submissions. In cases such as the MobileNet-v1 single-stream
scenario (SS), ResNet-50 v1.5 (SS), and SSD-MobileNet-v1 offline (O), systems exhibit
a large performance difference (100x). Because these models have many applications,
the systems that target them cover everything from low-power embedded devices to
high performance servers. GNMT server (S) exhibits much less performance variation
among systems.

The broad performance range implies that the tasks we initially selected for
MLPerf Inference v0.5 are general enough to represent many use cases and market
segments. The wide array of systems also indicates that our method (the LoadGen,

metrics, etc.) is widely applicable.

4.5.5 Open Division
We received 429 results in the less restrictive open division. A few highlights

include 4-bit quantization to boost performance, exploration of various models (instead
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| asic | cru | bpse | FPGA | GPU

ARM NN X X
FURIOSAAL X
HAILO SDK X
HANGUANG Al X
ONNX X
OPENVINO X
PYTORCH X
SNPE X
SYNAPSE X
TENSORFLOW X X X
TENSORFLOW LITE X
TENSORRT X

Figure 4.15: Framework versus hardware architecture.

of the reference model) to perform the task, and high throughput under latency bounds
tighter than what the closed division rules stipulate. We also saw submissions that
pushed the limits of mobile chipset performance. Typically, vendors use one accelerator
at a time. We are seeing instances of multiple accelerators working concurrently to
deliver high throughput in a multi-stream scenario - a rarity in conventional mobile
situations. Together these results show the open division is encouraging the industry

to push system limits.

4.6 Lessons Learned
Over the course of a year, we have learned several lessons and identified oppor-

tunities for improvement, which we present here.

4.6.1 Models: Breadth vs. Use-Case Depth

Balancing the breadth of applications (e.g., image recognition, object detection,
and translation) and models (e.g., CNNs and LSTMs) and the depth of the use cases
(Figure 4.4) is important to industry. We therefore implemented 4 versions of each

benchmark, 20 in total. Limited resources and the need for speedy innovation prevented
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Figure 4.16: Performance for different models in the single-stream (SS), multi-stream
(MS), server (S), and offline (O) scenarios. Scores are relative to the
performance of the slowest system for the particular scenario.

us from including more applications (e.g., speech recognition and recommendation) and
models (e.g., Transformers[135], BERT[42], and DLRM[107, 61]), but we aim to add

them soon.

4.6.2 Metrics: Latency vs. Throughput

Latency and throughput are intimately related, and considering them together
is crucial: we use latency-bounded throughput (Figure 4.5). A system can deliver
excellent throughput yet perform poorly when latency constraints arise. For instance,
the difference between the offline and server scenarios is that the latter imposes a
latency constraint and implements a non-uniform arrival rate. The result is lower
throughput because large input batches become more difficult to form. For some

systems, the server scenario’s latency constraint reduces performance by as little as 3%

7



(relative to offline); for others, the loss is much greater (50%).

4.6.3 Data Sets: Public vs. Private

The industry needs larger and better quality public data sets for ML system
benchmarking. After surveying various industry and academic scenarios, we found for
the SSD-large use case a wide spectrum of input image sizes, ranging roughly from
200x200 to 8 MP. We settled on two resolutions as use case proxies: small images,
where 0.09 MP (300x300) represents mobile and some data center applications, and
large images, where 1.44 MP (1,200x1,200) represents robotics (including autonomous
vehicles) and high-end video analytics. In practice, however, SSD-large employs an
upscaled (1,200x1,200) COCO data set (Figure 4.3), as dictated by the lack of good
public detection data sets with large images. Some such data sets exist, but they
are less than ideal. ApolloScape[136], for example, contains large images, but it lacks
bounding box annotations and its segmentation annotations omit labels for some object
pixels (e.g., when an object has pixels in two or more non-contiguous regions, owing
to occlusion). Generating the bounding box annotations is therefore difficult in these
cases. The Berkeley DeepDrive[147] images are lower in resolution (720p). We need

more data set generators to address these issues.

4.6.4 Performance: Modeled vs. Measured

Although it is common practice, characterizing a network’s computational dif-
ficulty on the basis of parameter size or operator count (Figure 4.1) can be an over-
simplification. For example, 10 systems in the offline and server scenarios computed
the performance of both SSD-ResNet-34 and SSD-MobileNet-v1. The former requires
175x more operations per image, but the actual throughput is only 50-60x less. This
consistent 3x difference between the operation count and the observed performance

shows how network structure can affect performance.
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4.6.5 Process: Audits and Auditability

Because submitters can re-implement the reference benchmarks to maximize
their system’s capabilities, the result review process (Section 4.4.2) was crucial to
ensuring validity and reproducibility. We found about 40 issues in the approximately
180 results from the closed division. We ultimately released only 166 of these results.
Issues ranged from failing to meet the quality targets (Figure 4.3), latency bounds
(Figure 4.5), and query requirements (Figure 4.8) to inaccurately interpreting the rules.
Thanks to the LoadGen’s accuracy checkers (Section 4.3.4 and submission checker
scripts, we identified many issues automatically. The checkers also reduced the burden
so only about three engineers had to comb through the submissions. In summary, since
the diversity of options at every level of the ML inference stack is complicated (Figure
4.2), we found auditing and auditability to be necessary for ensuring result integrity

and reproducibility.
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Chapter 5

A SCHEDULER-DRIVEN ADAPTIVE FRAMEWORK FOR EXTREME
SCALE SOFTWARE STACKS

Dynamic runtime schedulers have experienced broad success in efficiently exe-
cuting ill-balanced, dynamic parallel programs on multi- and many-core systems. In
particular, task graph-based runtimes[13, 20, 26, 47, 62, 81, 82, 90, 98, 117, 133, 152]
have proven to offer new levels of load balancing and scaling capabilities.

In extreme scale systems, increased disparity between wire and transistor switch-
ing speeds aggravates the need for such schedulers, as new hardware solutions to cope
with limited power envelope increase hardware heterogeneity, in their functionality
(dark silicon) and efficiency (NTV, DVFS).

Scratchpad-based systems also emerge (as seen in GPUs, Runnemede[23], Traleika
Glacier[24], Cell[28], and SOCs) to cope with power constraints and the lack of cache
scalability. Programming scratchpads requires the explicit specification of data move-
ment in and out of the scratchpad memory.

Good utilization of scratchpads is achieved when data transfers are coarse.
Hence, to some degree, extreme scale programs will be characterized by the execu-
tion of coarse data transfers followed by computations sized according to the amount
of transferred data, and so on. Needless to say, the efficiency of static optimizations is
jeopardized in such variable runtime environments, as their benefit is a direct (possibly
negative) function of the runtime environment.

We explore the explicit discrimination of tasks according to a task type[126] that
reflects the utilization of the underlying architecture. We expose task type knowledge
to the runtime schedulers, and allow them to toggle the software stack between type-

specific modes, enabling and disabling optimizations as a function of the current mode.
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Figure 5.1: Flow of the scheduler-driven adaptive optimization framework

The general idea is to decompose the execution of programs into tasks of different
types, which reflect a quality of the operations within a task. As depicted in Figure 5.1,
the types should be generated as annotations to tasks by the compiler. The runtime
scheduler determines a run-time characterization of the set of tasks currently scheduled,
which we call “run-time mode.” Determining types at the task level enables low mode
computation overheads.

An example of this is a type that would discriminate tasks as a function of
their utilization of floating point operations. A mode that specifies that the currently
scheduled tasks are low in floating point operations would allow a numerical library
to use software floating point emulation in this mode, increasing the profitability of
turning floating point units off. Turning the floating point units off can be performed
by the runtime when the mode represents low utilization. By representing a mode with
a vector (of modes) v, this system generalizes to a broad set of optimizations, through

the definition of a domain of efficiency D for each optimization o:

v € D(o) = turn o to state x

A vector mode seems general enough to handle the runtime optimization of dark
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silicon processors, in which only a subset of specialized hardware parts (as for instance
Taylor’s “conservation cores”[130]) can be powered on simultaneously in order to stay
within the processor’s power budget.

We apply this general principle to a simple and universally applicable set of load
types, which discriminates computation from communication. We validate our model

using an adaptive data compression engine.

5.1 Adaptive Data Compression Engine

The optimization considered here is a transformation of a tiled array, in which
an array in dense representation may be turned into sparse representation before being
processed. Data tiles are marked accordingly as either sparse or dense.

The cost of optimization is roughly linear in the number of elements F in the
tile, while the benefit is in (E - nnz) where nnz is the number of non-zero elements.
Dynamically determining whether a tile is worth compressing by analyzing the data
has limited profitability since it is also linear with respect to E. Ideally, we would like
compression to occur (mostly) in phases where nnz is small enough and omitted in
phases where nnz is larger.

In terms of execution time, the transformation optimization is worth applying
when the computation time for a tile is low as compared to its communication time.
Compression is also worth turning off when computations are significantly more im-
portant w.r.t. communications (i.e., when nnz is large enough). This defines the two
transition rules for our adaptive compression engine, which turns compression on when
the computation-to-communication ratio goes below a certain threshold a and turns
compression off when the ratio goes above a different threshold .

Interestingly, the efficiency domain of the compression optimization is defined

in the production of the computation-to-communication ratio and of its own state (on

or off).
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5.2 Experimental Results

We have validated our approach using matrix-vector multiplication. To ensure
the presence of both sparse and dense blocks in the input matrix, test cases were
generated by modifying the Graph500[59] generator to produce the initial sparse matrix
and overlaying it with dense tiles.

These initial tests were run on four processors using matrices of size 2048 x
2048 and blocks of size 128 x 128. In these cases, a block was considered to be a
suitable candidate for compression if it contained fewer than 128 non-zero elements. We
observed speedups ranging between 57% and 68% compared to standard matrix-vector

multiplication and speedup of 15% compared to sparse matrix-vector multiplication.
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Chapter 6
RELATED WORK

6.1 Related Work

Cantonnet and co-workers evaluated UPC using NPB[10] and other benchmarks
in [48, 22]. Berlin and co-workers considered Pthreads, OpenMP, MPI, and UPC us-
ing numerical (CG) and non-numerical (hash table update and integer sort) workloads
n [16]. Coarfa and co-workers compared MPI, UPC, and Coarray Fortran using the
NPB in [34, 35]. These papers considered the NPB, MG, CG, SP, and BT. Because
of the generation of the hardware employed in the experiments, multi-core effects were
not considered. In [113], MPI and UPC were evaluated from both a productivity and
performance standpoint using the power method on sparse matrices. [122] compares
HPCS languages (X10, Chapel, and Fortress) using a simple version of the Hartree-
Fock method found in quantum chemistry. In [39], the authors evaluate a wide range of
programming models on their maturity (including tool support) and suitability to their
applications. Performance experiments were not the focus of that paper. In [105], the
authors present comparative experiments with Cilk, Go, TBB, and Chapel. Of these,
only Chapel can run on clusters. However, in that study, even on a single shared
memory node, Chapel did not show good performance or scalability. MPI, UPC, and
Coarray Fortran were compared in the context of the Cray Gemini interconnect in
[121] using NPB FT and microbenchmarks. Dun et al. evaluated Chapel using a range
of tests, from microbenchmarks to a molecular dynamics mini-application[46]. In [85],
the authors compare Serial, OpenMP, MPI, and CUDA against Chapel, Charm++,
Liszt, and Loci when implementing LULESH. This interesting work focuses solely on

the parallel pattern of the explicit stencil computation, which, while important, leaves
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out numerous patterns and applications. Moreover, at the cluster level, only weak
scaling results are presented, which do not fully stress scalability. In [12], the authors
compare MPI against MPIOPENMP for an explicit stencil operation and use that
as a motivation to create an MPI+X programming model, where X consists of asyn-
chronously spawned tasks, based on overdecomposition of the computational domain.
This approach shows promise and has the advantage that it is only a small departure
from “classical” MPI1 style programming.

Our contribution differs from the above works in that each PRK focuses on a
single, parameterized application pattern, allowing us to separate performance artifacts
in different parts of an application. In addition, our work is unique in terms of the
combination of number of scalable runtimes considered, and the extensiveness of the
multiple kernel tests. Previous studies using Synch_p2p include [43, 15], which proposed
new features for OpenSHMEM and MPI, respectively.

6.2 MLPerf Training Benchmark

Prior ML benchmarks vary in granularity and scope. Microbenchmarks such
as DeepBench[9] measure kernel-level operations that appear in commonly deployed
models. Benchmarking such low-level operations fails to address the challenges as-
sociated with numerical precision, hyperparameter choices, and system scale, which
we described in the previous section. Furthermore, it neither captures the end-to-end
application, nor accounts for memory- and cache-hierarchy effects across layers and op-
erations, nor measures the data pre-processing that deep learning commonly employs.

Several benchmarks are defined at the granularity of entire DNN models.
Fathom[2] and Google TF Benchmarks[56] provide a reference suite of DNN models
that span a wide application space, but they specifically measure model throughput
and fail to account for accuracy. Similarly, TBD (Training Benchmarks for DNNs)[151]
profiles training on GPUs (but not other architectures) across diverse workloads, mea-

suring characteristics such as memory and hardware utilization. Our benchmark builds
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on the diversity of applications in these projects while also capturing the quality and
performance tradeoffs.

DAWNBench([37] was the first multi-entrant benchmark competition to use
“time to train” (originally called time to accuracy) to measure the end-to-end per-
formance of deep learning sytems; it allowed optimizations across model architectures,
optimization procedures, software frameworks, and hardware platforms. Our bench-
mark follows a similar approach, but handles more diverse tasks3.2.1, and it uses im-
portant rules and mechanisms in the Closed division3.3.2.1 to enable fair comparisons

of hardware and software systems.

6.3 MLPerf Inference Benchmark

MLPerf strives to incorporate and build on the best aspects of prior work while
also including community input.
AT Benchmark

AT Benchmark[74] is arguably the first mobile inference benchmark suite. Its
results and leaderboard focus on Android smartphones and only measure latency. The
suite provides a summary score, but it fails to explicitly specify quality targets. We
aim at a variety of devices (our submissions range from IoT devices to smartphones
and edge/server-scale systems), as well as four scenarios per benchmark.
EEMBC MLMark

EEMBC MLMark[38] measures the performance and accuracy of embedded in-
ference devices. It also includes image classification and object detection tasks, as
MLPert does, but it lacks use case scenarios. MLMark measures performance at ex-
plicit batch sizes, whereas MLPerf allows submitters to choose the best batch sizes
for different scenarios. Additionally, the former imposes no target quality restrictions,
whereas the latter does impose restrictions.
Fathom

Fathom[2] provides a suite of models that incorporate several layer types (e.g.,

convolution, fully connected, and RNN). Still, it focuses on throughput rather than
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accuracy. Like Fathom, we include a suite of models that comprise various layers.
Compared with Fathom, MLPerf provides both PyTorch and TensorFlow reference
implementations for optimization, and it introduces a variety of inference scenarios
with different performance metrics.

AT Matrix

AT Matrix([3] is Alibaba’s Al accelerator benchmark. It uses microbenchmarks
to cover basic operators such as matrix multiplication and convolution, measures per-
formance for fully connected and other common layers, includes full models that closely
track internal applications, and offers a synthetic benchmark to match the characteris-
tics of real workloads. MLPerf has a smaller model collection and focuses on simulating
scenarios using the LoadGen.

DeepBench

Microbenchmarks such as DeepBench[9] measure the library implementation of
kernel-level operations (e.g., 5,124x700x2,048 GEMM) that are important for perfor-
mance in production models. They are useful for efficient development, but fail to
address the complexity of full models.

TBD (Training Benchmarks for DNNs)

TBD[128] is a joint project from the University of Toronto and Microsoft Re-
search that focuses on ML training. It provides a wide spectrum of ML models in three
frameworks (TensorFlow, MXNet, and CNTK), along with a powerful tool chain for
their improvement. It focuses on evaluating GPU performance and only has one full
model (Deep Speech 2) that covers inference.

DAWNBench

DAWNBench([37] was the first multi-entrant benchmark competition to mea-
sure the end-to-end performance of deep learning systems. It allowed optimizations
across model architectures, optimization procedures, software frameworks, and hard-
ware platofrms. DAWNBench inspired MLPerf, but we offer more tasks, models, and

scenarios.
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Chapter 7
CONCLUSION

7.1 Parallel Research Kernels

We compared performance and scalability of eight programming models using
three important patterns from the PRK. While there was no clear winner, a number
of trends emerged. The incumbent models, MPI1 and SHMEM, performed well in
general, although with Transpose, both suffered at scale compared to MPISHM, which
sends fewer and larger messages. SHMEM was better than MPI1 for Transpose, but
otherwise, they were roughly the same. The critical role of explicit aggregation of
messages is clear from the Transpose results, with both variants of MPI+X winning by
a large margin at scale, which is attributed to the message sizes. While MPIOPENMP
is the easiest way for programmers to achieve aggregation and to take advantage of the
low-latency synchronizations in shared memory, we see evidence that MPISHM is the
superior way to realize it, both from the empirical results of Synch_p2p and Transpose,
and because of the challenges of mixing different runtimes (MPI and OpenMP). The
success of SHMEM and MPI4+X merits future investigation of SHMEM+X.

Both implementations of UPC delivered lower performance than the more ex-
plicit MPI1 and SHMEM, and the standard-compliant UPC implementation of
Synch_p2p suffered due to lack of support for this synchronization motif (partly solved
by a language extension). It may be possible to improve performance by eliminating
barriers, but that is non-trivial, due to the lack of explicit support for point-to-point
synchronization in UPC (or other PGAS languages).

Charm++ performs best for Stencil at granularities for which it was designed,

but fared poorly in Synch_p2p and Transpose. We do not observe much benefit from
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overdecomposition. The simple and naturally load balanced PRK are not well-suited
to evaluate this feature. Grappa performed decently for the fine-grain Synch_p2p and
medium-grain Stencil workloads, but scalability needs to be improved by better and
more flexible message aggregation. In our kernels we found FEB most effective for
synchronization through control variables, not directly through primary solution values.

The scope of this work was limited in the kernels and models considered. All
the kernels we used can be load balanced statically, which makes them amenable to
easy implementation in MPI and derivatives. Asynchronous, adaptive models such
as Charm++, Grappa, HPX (High Performance ParalleX)[81], and Legion[13] can-
not demonstrate their strength with such simple workloads. We are developing a new
PRK[54] that defies static load balancing, to explore this design space that is clearly
less favorable for MPI and static PGAS models; the latter provide only low-level prim-
itives for building dynamic load-balancing capability. None of hte kernels we used tests
fault tolerance, a feature that is today only provided by the Charm++ runtime, but
that is rapidly gaining importance. We are working on an objective framework, using
existing PRK, to measure effectiveness and overhead of runtime error recovery mecha-
nisms. We are also expanding our PRK implementations to Legion and HPX, and will
include performance and scalability measurements of Fine-Grain MPI[83] in our next

evaluation.

7.2 MLPerf Training Benchmark
MLPerf Training is a suite of ML, benchmarks that represent both industrial and
academic use cases. In addition to being the only widely used ML-training benchmark

suite boasting such coverage, it has made the following contributions:

e Precise definition of model architectures and training procedures for each bench-
mark. This feature enables system comparisons for equivalent workloads, whereas
previous results often involved substantially different variants of a given model
(for example, ResNet-50 has at least five variants).

e Reference implementations and rule definitions to address the challenges unique
to benchmarking ML training. These challenges include the stochastic nature
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of training processes, the necessity of training to completion to determine the
quality impact of performance optimizations, and the need for workload variation
at different system scales.

Although MLPerf focuses on relative system performance, as the online results

demonstrate, it also offers general lessons about ML and benchmarking:

e Realistic data set size is critical to ensuring realistic memory system behavior
- for example, the initial NCF data set was too small and could reside entirely
in memory. Furthermore, when benchmarking data sets that are smaller than
industrial scale, training time should exclude the startup time, which would be
proportionally less in actual use.

e Small hyperparameter changes can produce considerable performance changes.
However, based on our experience with hyperparameter borrowing, hyperparam-
eters are relatively portable at similar system scales, even across architectures,
numerics, or software stacks.

e Frameworks exhibit subtle optimizer-algorithm variations that affect convergence.

Machine learning is an evolving field, however, and we have much more to
learn. To keep pace, MLPerf establishes a process to maintain and update the suite.
For example, MLPerf v0.6 includes several updates: the ResNet-50 benchmark added
LARS[146], GNMT’s model architecture improved to increase translation quality, and

the MiniGo reference switched from Python to C++ to increase performance.

7.3 MULPerf Inference Benchmark

MLPerf Inference’s core contribution is a comprehensive framework for measur-
ing ML inference performance across a spectrum of use cases. We briefly summarize
the three main aspects of inference benchmarking here.
Performance metrics

To make fair, apples-to-apples comparisons of Al systems, consensus on perfor-
mance metrics is critical. We crafted a collection of such metrics: latency, latency-
bounded throughput, throughput, and maximum number of inferences per query - all

subject to a pre-defined accuracy target and some likelihood of achieving that target.
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Latency or inference execution time is often the metric that system and architec-
ture designers employ. Instead, we identify latency-bounded throughput as a measure
of inference performance in industrial use cases, representing data center inference pro-
cessing. Although this metric is common for data center CPUs, we introduce it for data
center ML accelerators. Prior work often uses throughput or latency; the formulation
in this work reflects more realistic deployment constraints.

Accuracy/performance tradeoff

ML systems often trade off between accuracy and performance. Prior art varies
widely concerning acceptable inference accuracy degradation. We consulted with do-
main experts from industry and academia to set both the accuracy and the tolerable
degradation thresholds for MLPerf Inference, allowing distributed measurement and
optimization of results to tune the accuracy/performance tradeoff. This approach
standardizes Al system design and evaluation, and it enables academic and industrial
studies, which can now use the accuracy requirements of MLPerf Inference workloads
to compare their efforts to industrial implementations and the established accuracy
standards.

Evaluation of AI inference accelerators

An important contribution of this work is identifying and describing the metrics
and inference scenarios (server, single-stream, multi-stream, and offline) in which Al
inference accelerators are useful. An accelerator may stand out in one category while
underperforming in another. Such a degradation owes to optimizations such as batch-
ing (or the lack thereof), which is use-case dependent. MLPerf introduces batching
for three out of four inference scenarios (server, multi-stream, and offline) across the
five networks, and these scenarios can expose additional optimizations for Al system

development and research.
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7.4 ASAFESSS

The presentation adaptive framework is gneeral in that it can drive many dif-
ferent software behaviors by modeling them as optimizations associated with an ef-
ficiency domain. However, it is limited to optimizations that can make use of the
current context. This assumes that the execution of programs happens in phases in
which properties of the environment don’t change too quickly. A potential direction
for future work would be automating the process by having a compiler introduce type
annotations for the scheduler. R-Stream[99] is a natural candidate for this as it na-

tively discriminates communications from computations and forms parallel task-graph

programs for SWARM, OCR, and CnC.
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