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Abstract

Efficient execution of scientific applications on high-performance computing (HPC) systems

depends heavily on effective performance analysis. Performance analysis refers to the

process of evaluating how well an application performs on an HPC system, including its

interaction with underlying hardware components, to understand how well it operates and

identify potential areas for improvement. This typically involves the measurement of various

performance metrics, such as speed, efficiency, resource utilization, and responsiveness. The

insights gained from performance analysis allow the user of an HPC system to optimize

hardware usage, pinpoint inefficiencies and bottlenecks, and ensure scalability. Many of the

most informative performance metrics can only be obtained by monitoring hardware events

(i.e., low-level operations tracked by the hardware itself). Without them, the only available

performance metric is execution time.

However, the sheer volume of hardware events in modern HPC systems is overwhelming,

making them difficult for users to comprehend and use effectively. The research in

this dissertation has focused on mitigating this problem by developing an approach

that quantitatively characterizes hardware events, automatically classifies them, and

automatically derives meaningful performance metrics from them. To better understand

the system behaviors captured by hardware events, this dissertation presents benchmarks

consisting of well-defined operations that stress different hardware attributes in isolation.

In addition, it elucidates an automated mathematical analysis to identify key hardware

events and define useful performance metrics using them. Lastly, it establishes strategies

for benchmarking the hardware shared among processor cores and identifying key inter-core

events.
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Chapter 1

Introduction

1.1 Disclosure

This chapter uses content from one of my published papers [16] (© 2024 IEEE as

appropriate):

• Barry, D., Danalis, A., and Dongarra, J. (2024). “Automated Data Analysis for

Defining Performance Metrics from Raw Hardware Events.” In 2024 IEEE

International Parallel and Distributed Processing Symposium Workshops (IPDPSW),

pp. 716-725, https://doi.org/10.1109/IPDPSW63119.2024.00134.

I am the primary author of this paper. Coauthors for the published paper include Anthony

Danalis and Jack Dongarra. Reused coauthor contributions are limited the idea of rounding

(shown in Section 4.6), textual improvements, and high-level guidance.

1.2 Motivation

Some of the most emphasized performance metrics of HPC systems are time-based.

Execution time and speedup are common metrics and were even utilized as key performance

parameters (KPPs) for software applications in the Exascale Computing Project (ECP) [13].

However, execution time alone does not indicate how efficiently an application is performing.

1
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For example, a recent Gordon Bell prize-winning paper [32] presented an innovative

methodology to solve the inverse density functional theory (invDFT) problem on the Frontier

supercomputer. Prior to these authors’ efforts, the execution time for this simulation was

seven days; however, they decreased the execution time to three hours. This information

about execution time by itself does not explain how well the simulation is performing relative

to the hardware capability, nor does it indicate how well the simulation can possibly perform.

However, the authors also provided the performance metric of floating-point operations

per second (FLOP/s) for this simulation, which is approximately 660 peta-FLOP/s (1015

FLOP/s, or PFLOP/s). According to the Top 500 HPC system rankings [102], Frontier

is capable of 1,353 PFLOP/s for the HPL benchmark and 14 PFLOP/s for the HPCG

benchmark.1 With this information about the FLOP/s performance metric, it is possible

to analyze the simulation’s performance in terms of the maximum-attainable FLOP/s.

Namely, this simulation performs at approximately 43% of the HPL score. Furthermore,

since the simulation outperforms the HPCG benchmark by over an order of magnitude,

we know that it is not greatly inhibited by memory bandwidth (memory transferred per

second) or latency (responsiveness of memory hardware). This exemplifies how additional

performance metrics, such as FLOP/s, offer richer and more nuanced insight into application

performance. Due to resource limitations, the simulation from [32] cannot be recreated in this

dissertation. However, the following example demonstrates another case where performance

metrics provide significantly more insight than execution time alone.

The matrix multiplication (GEMM) operation is a commonplace computational bench-

mark. The reference implementation of this operation utilizes three nested for-loops, as

shown in the kernel (code that performs a specific operation) in Listing 1.1. On a single

Frontier CPU (AMD Zen3 architecture) with N = 2048, the first loop nest (shown in

Listing 1.1) executes in 73.4 seconds. With this information alone, one does not know

whether the kernel is performing as well as possible on the hardware. To illustrate how

low-level memory access patterns impact execution time, we examine two variants of the

GEMM loop nest.

1These benchmarks are discussed in more detail in Section 2.4.
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1 for ( i = 0; i < N; ++i )

2 for ( j = 0; j < N; ++j )

3 for ( k = 0; k < N; ++k )

4 C[i*N+j] += A[i*N+k] * B[k*N+j];

Listing 1.1: Loop Nest 1.

1 for ( i = 0; i < N; ++i )

2 for ( k = 0; k < N; ++k )

3 for ( j = 0; j < N; ++j )

4 C[i*N+j] += A[i*N+k] * B[k*N+j];

Listing 1.2: Loop Nest 2.

To better understand the observed performance, we analyze Level-1 data cache behavior—

specifically, accesses and misses—during the GEMM execution. The results are shown in the

first row of Table 1.1. The number of cache misses per cache access gives the “Miss Rate,”

which is 0.48 (or 48%) for Loop Nest 1. In other words, on average, every other data cache

access results in a miss. This indicates that the data is not accessed in an efficient manner.

To address this, we can change the data access pattern by swapping the inner two loops (j

and k) in Listing 1.1. The resulting code is shown in Listing 1.2. Measuring the cache misses

and accesses for Loop Nest 2, the second row in Table 1.1 shows approximately a tenth of

the cache misses of Loop Nest 1, even though the total number of accesses is roughly the

same. Examining only execution time, we would not have any of the low-level information

from the hardware, which enabled us to optimize the GEMM that now runs in a mere 4.1

seconds. However, there are some challenges with using performance metrics:

• A single performance metric may require multiple hardware events, and the specific

hardware events that need to be scaled and combined are difficult to determine

manually.

• The hardware events needed to form the same metric on separate architectures are

often vastly different.

For example, the metric of L1 data cache misses on the AMD Zen3 is the sum of the following

hardware events:

• REQUESTS_TO_L2_GROUP1:RD_BLK_L • REQUESTS_TO_L2_GROUP1:LS_RD_BLK_C_S

• REQUESTS_TO_L2_GROUP1:RD_BLK_X • REQUESTS_TO_L2_GROUP1:CHANGE_TO_X

and L1 data cache accesses is the sum of the hardware events:

• LS_DISPATCH:LD_ST_DISPATCH • LS_DISPATCH:LD_DISPATCH

• LS_DISPATCH:STORE_DISPATCH

3



Table 1.1: Avg. Execution Time and Performance Metrics Over Ten Runs

Kernel
Exec.

Time (sec)
Cache
Misses

Cache
Accesses

Miss Rate
(Misses/Access)

Loop Nest 1 73.4 16,721,129,406 34,745,306,481 0.481
Loop Nest 2 4.1 1,463,854,734 34,454,430,321 0.042

4



In stark contrast, on the Intel Sapphire Rapids architecture, L1 data cache misses is the lone

hardware event L1D:REPLACEMENT; furthermore, there do not even exist hardware events to

measure L1 data cache accesses.

These issues persist for other prevalent performance metrics of HPC applications, such

as FLOP/s and bandwidth. FLOP/s is perhaps one of the most well-known and ubiquitous

metrics, being the criterion for ranking the Top 500 HPC systems [102]. More broadly,

FLOP/s is a common metric used to gauge the efficiency of basic linear algebra subprogram

(BLAS) routines in numerical linear algebra software packages [43, 12, 8]. Bandwidth is

a widespread metric of memory hierarchy performance [75, 105, 13]. Hardware events are

required to accurately measure both FLOPs/s and bandwidth. Therefore, unmasking which

hardware events (and combinations thereof) define these metrics is of interest to the greater

HPC community.

Furthermore, modern HPC systems [93, 105, 13, 10] are becoming more and more

heterogeneous in their hardware constitution—e.g., deeper and more nuanced memory hier-

archies, custom network infrastructures, graphics processing units (GPUs), and accelerated

processing units (APUs) that combine CPU and GPU hardware within the same die. As

such, they contain on the order of hundreds of thousands of hardware events related to

the increasingly diverse array of hardware components. While these hardware events are

documented to some extent in vendor-published technical documents [57, 67, 4, 3, 5, 6],

they are not always described thoroughly or accurately. This overall lack of clarity makes

it challenging for users to comprehend the specific high-level performance metrics—such

as bidirectional memory bandwidth—that hardware events actually represent. Even worse,

some architectures completely lack hardware events that map to some useful performance

metrics. For instance, there are over 427,000 hardware events on a single node of the

Summit supercomputer (which contains two IBM POWER9 CPUs and six NVIDIA Tesla

V100 GPUs [86]), but not a single one of those hardware events measures all floating-point

operations (FLOPs). The contributions of this dissertation are aimed at alleviating these

limitations to improve the landscape of performance analysis.

5



1.3 Contributions

The following items describe the contributions accomplished in this work, Automated

Classification and Verification of Performance Counters :

1. Produce a suite of microbenchmarks, which consists of well-defined operations that

stress different hardware attributes (floating-point units, branching units, memory

hierarchy, etc.) in isolation from one another. These benchmarks allow the user to

collect hardware event measurements to quantitatively characterize hardware events

to discover the true semantic concepts (e.g., FLOPs, memory bandwidth, etc.) they

measure.

2. Automatically classify which hardware events belong to each of the aforementioned

hardware attributes. By quantifying measurement variation among repeated bench-

mark executions, hardware events that are irrelevant to a particular hardware attribute

are identified and disregarded.

3. Automatically derive meaningful performance metrics using available hardware events.

Since the set of all available hardware events contains semantically redundant

information (e.g., multiple counters reflecting the same hardware behavior), a unique

hardware event combination is not trivially attainable. Therefore, the research in this

dissertation establishes data processing methods to filter the data that resulted from

the previous contributions.

4. Develop techniques to accurately decode and verify Uncore events (also referred to as

Northbridge or Nest events, depending on the vendor).2 This poses a challenge because,

as corresponding to resources shared among the cores, these hardware events are

particularly prone to noise incurred by system service tasks running in the background.

2These are the Intel-, AMD-, and IBM-specific terms referring to the CPU hardware residing outside of
the domain of a specific compute core. The remainder of this document uses the architecture-agnostic term
“inter-core events” to refer to events belonging to this category of hardware.
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1.4 Dissertation Outline

The work for each chapter of this dissertation is summarized below.

• Chapter 2 discusses the notions of hardware events, performance tools, the taxonomy

of benchmarking, and various mathematical tools that serve as foundational knowledge

for the contributions in this dissertation. It also provides a literature review of related

work in commonplace HPC benchmarks, hardware event noise, matrix decompositions,

and regression methods.

• Chapter 3 explains the design and implementation of each of the categories of hardware

benchmarks in the Counter Analysis Toolkit (CAT), which systematically collect and

characterize hardware events.

• Chapter 4 discusses the automated data analysis methodology to address noise from

hardware event measurements, leverage the structure of CAT benchmarks to identify

key hardware events, and automatically define performance metrics. This chapter

provides results for both a CPU architecture and a GPU architecture, both of which

are used in modern exascale supercomputers.

• Chapter 5 introduces strategies for monitoring inter-core events in multicore en-

vironments and their significance for understanding the execution profile of HPC

applications. In addition, this chapter discusses techniques for amortizing noise present

in inter-core event measurements.

• Chapter 6 provides a summary of the results from the research efforts in this

dissertation. This chapter also describes some prospective research directions following

the contributions of this dissertation.

7



Chapter 2

Background and Related Work

2.1 Disclosure

This chapter uses content from one of my published papers [16] (© 2024 IEEE as

appropriate):

• Barry, D., Danalis, A., and Dongarra, J. (2024). “Automated Data Analysis for

Defining Performance Metrics from Raw Hardware Events.” In 2024 IEEE

International Parallel and Distributed Processing Symposium Workshops (IPDPSW),

pp. 716-725, https://doi.org/10.1109/IPDPSW63119.2024.00134.

I am the primary author of this paper. Coauthors for the published paper include Anthony

Danalis and Jack Dongarra. Reused coauthor contributions are limited the idea of rounding

(shown in Section 4.6), textual improvements, and high-level guidance.

2.2 Overview

This chapter provides an overview of hardware events, performance metrics, event-

monitoring tools, categories of benchmarks and benchmarking strategies for HPC systems,

and background information of the relevant data analysis techniques. In addition, it describes

the limitations present in the state-of-the-art performance-monitoring technology which the

efforts in the following chapters mitigate.
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2.3 Hardware Events and Performance Tools

Hardware events are low-level operations executed by computational hardware. Special-

purpose registers, or counters, are programmed to monitor hardware events. Counters

reside inside of performance-monitoring units (PMUs), which are found in an extensive,

heterogeneous array of HPC hardware components, such as CPUs of various vendors (Intel,

AMD, NVIDIA, and IBM—to name a few) GPUs (Intel, AMD, and NVIDIA), interconnects

(5D Torus, Aries, Gemini, Infiniband, NVLink, Slingshot, etc.), input-output (I/O), power-

monitoring components (lm sensors, NVML, Powercap, and RAPL), etc. Access to counters

is provided by open-source and vendor-provided application programming interfaces (APIs),

such as libpfm4 [41], Performance Co-Pilot (PCP) [92], NVIDIA CUDA Profiling Tools

Interface (CUPTI) [84], NVIDIA Management Library (NVML) [85], AMD Radeon Open

Compute (ROCm) [7], Intel oneAPI Level Zero [59], among others. CPUs contain various

subsystems, such as floating-point units, integer units, branching units, cache hierarchy, etc.

Various software tools also provide access to counters: the Performance Application

Programming Interface (PAPI) [101], perf [80], Intel VTune [108], and LIKWID [103].

PAPI provides both command-line utilities and an API. PAPI allows users to monitor

hardware events from all of the aforementioned hardware components through a unified

interface via the various open-source APIs. perf is a lightweight profiling tool, or profiler,

built into the Linux kernel. Profilers collect hardware event occurrences throughout the

execution of applications. Intel VTune is a profiler that is compatible with Intel hardware.

LIKWID is a set of profiling utilities, compatible with primarily CPU architectures, in

addition to some GPU architectures. Middleware libraries (e.g., PAPI) provide presets,

or definitions for performance metrics, for multiple CPU and GPU architectures using

natively available hardware events. Other tools—such as TAU [97], Score-P [96], Vampir [24],

Caliper [22], Scalasca [44], and APEX [55]—depend on these libraries to access hardware

events.
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2.3.1 Complexity of Validating Hardware Events

Hardware event counts often deviate from theoretical expectations due to undocumented

micro-architectural behaviors, event aliasing, or non-determinism in execution. [107] While

hardware events are documented to some extent in vendors’ technical documents [3], they

are not always described thoroughly. One reason hardware events do not occur in the

expected amounts is due to micro-architectural nuances in hardware, such as writes to

memory incurring reads (as observed in Chapter 5). Another reason is that some hardware

events are counted twice (e.g., FP ARITH INST RETIRED in the Intel Ice Lake architecture).

Program variation from run to run is another issue with measuring hardware events. [107, 94]

Furthermore, in many CPU architectures, there exist multiple hardware events which

measure the same concept, or overlapping concepts. This issue is compounded by the

massive amounts of hardware events in modern HPC systems. Even if the above issues

were resolvable via manual validation, the process would be unfeasible for each and every

hardware event that is present.

2.4 Benchmarking Strategies and Taxonomy

As previously stated, hardware events are low-level operations performed by hardware. This

means that the hardware event for FLOPs, for instance, should occur an exact number of

times during the execution of a FLOPs-heavy kernel, such as a GEMM. There are kernels

that exercise other hardware subsystems and the corresponding hardware events. Therefore,

the general strategy for decoding what events measure is a two-step process. First, the

event is monitored during the execution of a microbenchmark that performs a known,

isolated operation at the hardware level. Second, the hardware event’s occurrence pattern

is compared to the pattern we expect from a performance metric of interest. To address the

first step, the main categories of benchmarks are delineated:

• Low-Level

Benchmarks belonging to this category measure low-level hardware characteristics,
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such as peak sustainable bandwidth. Examples of this type of benchmark are

STREAM [75], CacheBench [81], and lmbench [78].

• Kernel

Benchmarks in this category measure the performance characteristics of software

operations. Examples of this type of benchmark are those contained in the Poly-

bench suite [90], Numerical Aerodynamic Simulation (NAS) parallel benchmarks [15],

High-Performance LINPACK (HPL) [38], HPL Mixed Precision Benchmark (HPL-

MxP) [36], High-Performance Conjugate Gradient [35], and SPEC CPU2006 suite. [53,

99]

• Full-Application

These benchmarks gauge the efficiency of full-scale jobs on HPC systems for realistic,

scientific use cases. Examples of this type of benchmark are some of those

contained in the Collaboration of Oak Ridge, Argonne, and Livermore 2 (CORAL-

2) benchmarks [104, 68] and the United States Department of Defense Technology

Insertion benchmarks. [23]

The efforts in this dissertation emphasize the Low-Level and Kernel categories. This

is because events are low-level hardware operations, hence they are activated in isolation

by low-level microkernels (Low-Level) and certain BLAS operations (Kernel). More

complex benchmarks would utilize multiple hardware subsystems, which would in turn

trigger multiple types of hardware events simultaneously. This would complicate the task of

determining how specific computational patterns in the code map to the observed hardware

event activity. Section 2.4.1 provides an overview of commonplace benchmarking kernels

and techniques.

2.4.1 Common Benchmarking Strategies

The design of the CAT benchmarks is based on the techniques introduced in this section,

with various adaptations to induce nuanced hardware behavior (e.g., prefetching, varieties of

FLOPs such as single- and double-precision, etc.). The implementation details of the CAT

benchmarks are discussed in detail in Chapter 3.
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BLAS microkernels—such as the matrix-matrix multiplication (GEMM), matrix-vector

multiplication (GEMV), and vector-vector product (DOT)—are commonplace benchmarks [82,

51, 61, 52, 1, 25] due to (i) their prevalence in scientific applications and other BLAS kernels

and (ii) their aggregate range of arithmetic intensity (FLOPs per byte of memory accessed).

STREAM [77, 9, 14, 51, 105] is a well-known benchmark that determines the maximum

sustained bandwidth between memory and CPU cores. STREAM defines memory buffers

(a, b, and c) and operates on them via the following four kernels:

• COPY: a[i] = b[i] • SUM: a[i] = b[i] + c[i]

• SCALE: a[i] = α ∗ b[i] • TRIAD: a[i] = b[i] + α ∗ c[i]

BabelStream (GPU-STREAM) [33] is a similar benchmark that gauges the bandwidth

between memory and GPU cores.

Pointer chasing [79, 109, 28, 47, 78, 81, 95, 100] is another strategy for benchmarking the

memory subsystem. This technique entails defining a buffer (pointer chain) such that each

element contains the address (pointer) to another element. As opposed to the STREAM

kernels, which access each memory element sequentially, the pointer chain is traversed by

accessing the element that the current element points to. This is useful for benchmarking

the memory hierarchy of both CPUs and GPUs.

2.4.2 Considerations for Inter-core Events

Certain hardware resources are shared among all CPU processor cores. As such, the events

belonging to these shared resources (inter-core events) measure the aggregate activity from

all cores. This spawns two issues. The first issue stems from the security risk that one core

can monitor another core’s activity via inter-core events. To mitigate the risk, applications

typically must run with elevated privileges in order to monitor inter-core events. In the

case of the Sierra and Summit supercomputers, elevated privileges were not necessary to

access the inter-core events. [42] This was possible via a performance-monitoring daemon,

which user applications would query. However, this introduces an indirection layer when

monitoring inter-core events. This is a potential source of overhead, which could impact the

accuracy of event measurements.
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The second issue is that the hardware activity induced by processes running on other

cores perturb inter-core event measurements. Since there are system services running in

the background, even if on dedicated cores [86], they will pollute the inter-core event

measurements. Chapter 5 presents experimental benchmark apparatuses that are designed

to address these two issues of monitoring inter-core memory traffic in unprivileged HPC

environments.

2.5 Pertinent Linear Algebra Methods

For the data analysis discussed in Chapter 4, the output of the microbenchmarks is organized

into a matrix and utilize various linear algebra methods to extract information about the

performance metrics of interest from the hardware event data in the matrix. This is because

performance metrics are often linear combinations of hardware events. Due to the various

reasons explained in Section 4.3, the matrix in this linear system is singular. To address this,

linear algebra methods are useful in finding the linearly independent columns of a matrix to

make the system solvable. This section provides an overview of the linear algebra used in

this dissertation.

QR decomposition is an orthogonal matrix factorization, which given a matrix A

calculates an orthogonal matrix Q and an upper triangular matrix R, such that A = QR.

This factorization is used to solve the rank-deficient least squares problem. [98] Rank deficient

means that there are fewer linearly independent columns of A than the total number of

columns in A. The linear least squares gives the “best-fit” solution to the problem Ax = b

such that ||Ax − b||2 is minimized. The Q and R factors can be used to solve inconsistent

systems in the least-squares sense. [64] Inconsistent means that Ax = b cannot be solved

directly because b is not in A’s column space.

The matrix A (composed of event measurements) can be rank deficient or inconsistent

with b. If a matrix is rank deficient, then the QR decomposition is not unique [20], and

the number of non-zero elements on the R factor’s diagonal is not necessarily equal to

rank(A). [34] This is a problem because the columns in R which have non-zero values

on the diagonal correspond to the linearly independent columns of A, which is what we
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seek. This issue is resolved with rank-revealing QR decompositions (RRQR) [26, 29, 19,

48, 27, 54, 46], which is a type of QR with column pivoting (QRCP), also referred to as

GEQP3. [39] Similar to QR, RRQR produces Q and R matrices; but unlike QR, it also

produces a permutation matrix (Π) resulting from the column pivoting, such that AΠ = QR.

The reference QRCP [39] chooses the column (in the trailing sub-matrix of a given iteration)

with largest 2-norm to be the pivot. In other words, QRCP chooses the largest columns

at each step, while enforcing orthogonality among them. This selection criterion does not

lead to the optimal subset of columns. Section 4.6 describes the modified pivoting scheme

devised in order to obtain the most useful columns.

Singular value decomposition (SVD) is another orthogonal matrix factorization (A =

UΣV T ). [45] While the SVD offers a robust method for revealing the rank of a matrix, it

does not provide the subset of linearly independent columns. Principal Component Analysis

(PCA) is a linear dimensionality reduction method that uses SVD to generate a set of vectors

that span the largest dimensions of A’s column space. [62] However, the generated vectors

are not a subset of linearly independent columns of A. Rather, they are linear combinations

of the columns of A which maximally span the column space of A in as few dimensions as

possible. Because PCA and SVD produce combinations of columns rather than selecting

actual columns from A, they are unsuitable when the interpretation of individual hardware

events is required.

An alternative to using RRQR is interpolative decomposition (ID) [66, 106, 74], which

produces a matrix C (a subset of A’s columns) and a matrix V , such that A ≈ CV . The

CUR factorization is similar to ID. [40, 21, 70] CUR produces a matrix C (a subset of A’s

columns), a matrix R (a subset of A’s rows), and a matrix U , such that A ≈ CUR. Even

though these methods produce a linearly independent subset of A’s columns, the subset is

chosen with priority given to columns that either (i) have the largest 2-norm or (ii) contribute

the most to the space spanned by the top singular vectors. [106, 70] Although these methods

are structure-preserving, they have the same issue as QRCP: selecting a sub-optimal subset

of A’s columns.
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2.6 Related Works

The Counter Inspection Toolkit [30] was a foundational, preliminary work on top of

which Chapter 3 is built. It presented portable microbenchmarks, which stressed the

memory hierarchy and branching units in CPU cores. It did not include benchmarks for

the other hardware attributes elucidated in Chapter 3, such as floating-point units and

instruction caches. This work did not include multi-threaded memory hierarchy benchmarks,

which is significant for modern many-core architectures. Furthermore, this work did not

automatically classify or combine events.

Another related work is nanoBench [2], which is a microbenchmarking infrastructure

enabling its users to monitor events. This tool takes x86 (Intel and AMD architecture-

related) assembly code segments as input, and it outputs counts of user-specified hardware

events. This work incurs very low overhead by minimizing extraneous instructions and

event occurrences. However, since nanoBench only accepts x86 as the input assembly, it

is limited to x86 CPU architectures. This tool is limited because it provides only the

infrastructure to monitor user-defined microbenchmark kernels; it does not provide the actual

microbenchmarks for various hardware categories.

Benchpark [88] is a continuous benchmarking infrastructure. This work provides a

framework for portable benchmarking across various HPC systems. The specific benchmarks

used in this work are pre-existing benchmark codes and kernels, such as HPL, saxpy, HPCG,

STREAM, among others. [69] These are useful benchmarking codes, however, they vary

from the Low-Level to the Full-Application benchmarking categories. For the purposes of

hardware event analysis, the efforts of this dissertation focus strictly on the Low-Level and

Kernel categories.

BlackjackBench [31] generates a latency profile for the memory hierarchy using a pointer-

chasing microbenchmark similar to that included in the Counter Inspection Toolkit. It then

employs quality threshold clustering to automatically determine the size of each cache level.

The pointer-chasing microbenchmark, however, does not execute across multiple cores.

There has been previous work which discovered such architectural details as cache line

sizes, associativity, page sizes, and number of TLB entries using cache hardware events. [37]
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This work is limited in scope in that it focuses strictly on the memory hierarchy. Additionally,

this work infers memory hardware details by taking measurements of events of which the

semantic meanings are known a priori ; whereas, the efforts in this dissertation determine

the semantic meaning of events.

Ritter et al. [94] provides an overview of sources of noise in performance metric

measurements. This work operates on the known classification of events (by hardware

attribute—e.g., floating-point or branch units) a priori. However, one of the key

contributions of this dissertation determines the classification of events. One of the authors’

contributions is a noise generator to inject synthetic memory, network, and I/O noise on top

of the already-present system noise. While this does show which events are resilient to such

noise, this feature is counterproductive for the purpose of identifying hardware events, which

needs to restrict run-to-run variation for events.

Some work has been done in developing models using linear regression with hardware

events. [65] This model predicts the execution time of the LULESH benchmark. However,

this work is predicated on knowing the semantic meaning of hardware events, such as

Instructions and L2 Cache Misses. This dissertation resolves the semantic meaning of

hardware events.

Previous efforts [72, 71, 89] have employed PCA to find the set of least-correlated

hardware events for performance modelling. The approach in [71] entails signatures produced

using randomly selected hardware events; whereas, the efforts in this dissertation is designed

to examine all available hardware events. Since the set of hardware event data is collected

from logging multiple applications, it does not necessarily yield data for all hardware events if

the applications do not exhaustively exercise the hardware subsystems. Additionally, some

hardware events could correlate specifically to the applications in use, leading to overfit.

That is, one could not generalize performance modelling using the hardware events chosen

in these studies due to their application-specific bias. As described in Section 2.5, PCA does

not yield a subset of the events, but QRCP—as adapted in Chapter 4—does.

16



Chapter 3

Benchmarks to Probe Hardware

Events

3.1 Disclosure

This chapter uses content from one of my published papers [17] (© 2021 Springer as

appropriate):

• Barry, D., Danalis, A., and Jagode, H. (2021). “Effortless Monitoring of

Arithmetic Intensity with PAPI’s Counter Analysis Toolkit.” In Tools for

High Performance Computing 2018 / 2019, pp. 195-218, Cham. Springer International

Publishing, https://doi.org/10.1007/978-3-030-66057-4_11.

I am the primary author of this paper. Coauthors for the published paper include

Anthony Danalis and Heike Jagode. Reused coauthor contributions are limited to aid in

the development of the branching and instruction cache benchmarks, the idea of problem

repetitions (shown in Section 3.5.1), textual improvements, and high-level guidance.

3.2 Introduction

Performance metrics in different CPU architectures can be monitored by reading the

occurrences of various hardware events. However, from architecture to architecture, it
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becomes more and more unclear what specific hardware events actually measure. This

chapter presents a suite of microbenchmarks (Counter Analysis Toolkit), which perform well-

defined operations that stress different hardware attributes (floating-point units, branching

units, memory hierarchy, etc.) in isolation from one another. These benchmarks allow the

user to collect hardware event measurements to quantitatively characterize hardware events

to discover the true semantic concepts they measure. In the era of exascale computing,

performance metrics such as memory traffic and arithmetic intensity are increasingly

important for codes that heavily utilize numerical kernels. The efforts in this chapter leverage

the capabilities of the Counter Analysis Toolkit to identify the hardware events for reading

and writing memory traffic in addition to floating-point operations, which are the necessary

hardware events to analyze arithmetic intensity.

Most of the major tools that high-performance computing (HPC) application developers

use to conduct low-level performance analysis and tuning of their applications typically rely

on hardware events to monitor hardware-related activities. The kind of available hardware

events is highly dependent on the hardware; even across the CPUs of a single vendor, each

CPU generation has its own implementation. The PAPI performance-monitoring library

provides a clear, portable interface to the hardware events available on all modern CPUs,

as well as GPUs, networks, and I/O systems [101, 73, 76]. Additionally, PAPI supports

transparent power monitoring capabilities for various platforms, including GPUs (AMD,

NVIDIA) and Intel Xeon Phi [49], enabling PAPI users to monitor power in addition to

traditional hardware event data, without modifying their applications or learning a new set

of library and instrumentation primitives.

We have witnessed rapid changes and increased complexity in processor and system

design, which combines multi-core CPUs and accelerators, shared and distributed memory,

PCI-express and other interconnects. These systems require a continuous series of updates

and enhancements to PAPI with richer and more capable methods needed to accommodate

these new innovations. One such example is the PAPI Performance Co-Pilot (PCP)

component, which is discussed in this chapter. Extending PAPI to monitor performance-

critical resources that are shared by the cores of multi-core and hybrid processors—including

on-chip communication networks, memory hierarchy, I/O interfaces, and power management
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logic—will enable tuning for more efficient use of these resources. Failure to manage the

usage and, more importantly, contention for these shared hardware resources has already

become a major drag on overall application performance. Furthermore, we discuss one of

PAPI’s features: the Counter Analysis Toolkit (CAT), which is designed to improve the

understanding of hardware events, including inter-core events.

We aim to define and verify accurate mappings between particular high-level performance

metrics and the underlying low-level hardware events. This extension of PAPI engages novel

expertise in low-level and kernel benchmarks for the explicit purpose of collecting meaningful

performance data of shared hardware resources.

In this chapter, we outline the PAPI Counter Analysis Toolkit, describe its objective,

and then focus on the microkernels that are used to measure and correlate different hardware

events needed to define arithmetic intensity on the Intel Broadwell, Intel Skylake, and IBM

POWER9 architectures.

3.3 Counter Analysis Toolkit

Hardware events are often appealing to application developers who are interested in

understanding and improving the performance of their code. However, in modern

architectures it is not uncommon to encounter hardware events whose names and descriptions

can mislead users about the meaning of the event. Common misunderstandings can arise

due to speculations inside modern CPUs, such as branch prediction and prefetching in the

memory hierarchy, or noise in the measurements due to overheads and coarse granularities

of measurements when it comes to resources that are shared among the compute cores (e.g.,

off-chip caches and main memory).

Earlier work [30] explored the use of benchmarks that employ techniques such as pointer

chasing [28, 31, 47, 78, 81, 95, 100] to stress the memory hierarchy as well as microbenchmarks

with different branching behaviors to test different branch-related hardware events. CAT,

which was released with PAPI version 6.0, has built upon these earlier findings by significantly

expanding the kinds of tests performed by the microbenchmarks, as well as the parameter
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space that is being explored. Also, we continue making our latest benchmarks as well as

updates to the basic driver code publicly available through the PAPI project’s Git repository.

CAT contains benchmarks for testing four different aspects of CPUs: data caches,

instruction caches, branching units, and floating-point operations (FLOPs). CAT also has

floating-point benchmarks that encompass GPUs. The microbenchmarks themselves are

parameterized and, thus, their behavior can be modified by expert users who desire to focus

on particular details of an architecture. The driver uses specific combinations of parameters

that we have determined appropriate for revealing important differences between different

hardware events. More details on the actual tests are discussed in the following sections.

3.3.1 Data Cache Tests

Figure 3.1 shows a plot of the data generated when the data cache read benchmark is

executed. As shown in the figure, there are four regions that correspond to four different

parameter sets. In all four regions, the access pattern is random. This choice affects the

effectiveness of prefetching, since random jumps are unlikely to be predicted, but sequential

accesses are perfectly predictable. The access stride is also varied among regions so that it

either matches the size of a cache line on this architecture (64 bytes) or the size of two cache

lines (128 bytes). This choice affects the effectiveness of “next-line prefetching,” which is

common in modern architectures. Another parameter that varies among the four regions

is the size of the contiguous block of memory (pages per block, PPB) in which the pointer

chaining happens. In effect, this defines the size of the working set of the benchmark, since

all the elements of a block will be accessed before the elements of the next block start

being accessed. We vary this parameter because in many modern architectures prefetching

is automatically disabled as soon as the working set becomes too large.

The X-axis of the graph corresponds to the measurements performed by the benchmark.

For each combination of parameters, the code performs a variable number of measurements

specified by the user, and within each set of measurements, the X-axis corresponds to the size

of the buffer that the benchmark uses. To improve the readability of Figure 3.1, at the bottom

of the graph, we have marked the measurement indices within each region that correspond to

the sizes of the three caches and main memory (L1, L2, L3, M) of the testbed we used (Intel
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Figure 3.1: L2 Data Cache Hardware Events.
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Skylake). For each measurement, the benchmark executes a memory traversal defined by

the parameters of the region (e.g., a random pointer chase with a large stride). To amortize

the effect of cold cache misses (also known as compulsory misses), the benchmark traverses

the test buffer in a loop such that the number of memory accesses for each measurement

exceeds the size of the buffer by a large factor. As a result, cold cache misses do not have a

measurable effect in our results.

The blue curve depicts the number of hits in the L2 cache per memory access (hit rate).

In each of the four regions, the L2 hit rate is zero when the buffer size is smaller than the

L1 cache (since all accesses are served by the L1 cache). When the buffer is larger than the

L1 but smaller than the L2 cache, every access leads to an L2 hit. This can also be observed

in each of the four regions, where the blue curve stays at one hit count per memory access

between the markers for the L1 and L2 cache sizes (shown at the bottom of the figure).

When the buffer size exceeds the size of the L2, the number of L2 hits per memory access

depends on the parameters of our benchmark. Each region uses different parameter settings,

and we will discuss the various effects of these parameters on buffer sizes greater than the

L2 cache.

PPB=64: Regions one and three illustrate that for large working sets (“PPB=64”)

prefetching is disabled, which results in a negligible number of hits per access.

PPB=16: For small working sets (“PPB=16”), which are depicted in regions two and four,

successful prefetching leads to an L2 hit rate above zero. These two regions, however,

exhibit a difference in the hit rate. This is due to varying stride parameter values in

our benchmark.

PPB=16, Stride=64B: On a machine with a cache-line size of 64 bytes—as is the case for

our testbed—using a stride of 64 bytes means that the data fetched by the “adjacent

cache line prefetcher” will contribute to the hit rate.

PPB=16, Stride=128B: However, when the stride of the benchmark is set to 128 bytes,

a lower number of prefetched lines is actually accessed, resulting in a lower hit rate

compared to the stride=64 bytes setting.
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The red curve depicts the miss rate of the L2 cache. As expected, this curve is

complementary to the blue curve depicting the hit rate (ignoring some noise in the

measurements).

3.3.2 Instruction Cache Tests

Unlike the case we discussed in the previous section—where the same microbenchmark

code was used while key parameters were varied to achieve different results—the instruction

benchmark consists of a series of automatically generated microbenchmark functions that

have a variable number of instructions. In Figure 3.2, we plot the data generated when

the instruction cache benchmark is executed. There are two regions in the figure. Within

each region, the microbenchmark functions have the same design, but varying numbers of

repetitions of their basic block, which are displayed on the X-axis. The difference between

the two regions is as follows.

• 1. region TRUE_BRANCH: Each basic block is enclosed in a branch that will always

evaluate to “true” (although it is designed such that it cannot be resolved by the

compiler).

• 2. region FALSE_BRANCH: Each basic block holds most of the code inside a branch

that will always evaluate to “false.” This way, only the first instruction in a cache

line will be used, as the rest will not be retired, and thus, resulting in a lower hit rate

compared to the results from the first region.

Normalization of data for the purpose of readability:1 In both regions, we normalize the raw

hardware event values by dividing them by the number of repetitions of the basic block,

which turns these values into rates. In addition, the below function is applied:

F (x) =
log(1 + log(1 + 18.8× x4))

1.15
(3.1)

1We perform this normalization on the raw data produced by this benchmark only for presentation
purposes because we have observed that the measurements are either around 1.5, or extremely large, and
thus some of them cannot be visualized in a readable way, not even in a logarithmic graph.
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Figure 3.2: Instruction Cache Hardware Events.
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This function has the following effects on its input:

• Values lower than 0.5 become smaller.

• Values between 0.5 and 2 are not significantly affected.

• Values larger than 2 grow extremely slowly (F (106) ≈ 3.5).

In Figure 3.2, the green line with the square points depicts the (normalized) hit rate in

the Decoded Stream Buffer (DSB), also known as µOP cache. The DSB functions as a

level-0 instruction cache, as it is the unit inside each core that caches µOPs after they have

been decoded by the Micro Instruction Translation Engine (MITE)—which is the unit that

decodes instructions into µOPs. On Skylake, the DSB can hold up to 1,536µOPs. In both

regions of the graph, the green line reveals, for small benchmark codes (fewer than 150

repetitions of the basic block), most instructions are delivered to the back-end from the

DSB.

The dashed light-blue line with square points depicts the (normalized) miss rate of the L1

instruction cache. In both regions of the graph, we see that the L1 only experiences misses

when the code becomes large.

Likewise, the (normalized) L2 miss rate, displayed by the purple curve, follows a similar

pattern as the L1 miss rate. The (normalized) L2 hit rate, depicted by the red curve with

square points, shows a peak for moderately sized codes, and zero for smaller and larger codes.

In summary, the goal of this work is to generate benchmarks that make these curves

different from one another, so we can distinguish between hardware events that have semantic

differences. While Figure 3.2 holds a significant amount of data, the curves shown are notably

distinct from each other, which substantiates the validity of this effort.

3.3.3 Branch Tests

Figure 3.3 shows a plot of the data generated when the branch benchmark is executed.

This test consists of a series of different hand-crafted microbenchmarks, each of which

exhibits different behavior from the others with respect to one or more branch instructions.

Consequently, when all microbenchmarks are used, each type of branch event produces a

unique signature, as can be seen in the figure.
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Figure 3.3: Branch Hardware Events.
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Listing 3.1: Branch benchmark #5.

do{

iter_count ++;

BUSY_WORK ();

result = pseudo_random ();

if ( (result % 2) == 0 ){

BUSY_WORK ();

if(( global_var1 %2) != 0){

global_var2 ++;

}

global_var1 +=2;

}

BUSY_WORK ();

}while(iter_count <size);

Listing 3.2: Branch benchmark #9.

global_var2 = 1;

do{

BUSY_WORK ();

global_var2 +=2;

if(iter_count < global_var2 ){

global_var1 +=2;

goto lbl;

}

BUSY_WORK ();

lbl: iter_count ++;

BUSY_WORK ();

}while(iter_count <size);

To illustrate the workings of these microbenchmarks, we show the key loop of two of

them in the code Listings 3.1 and 3.2, with modifications for readability. These two codes

correspond to the measurements shown in the graph at indices 5 and 9, respectively.

Looking at the dark blue curve with the diamond points, we see that at index 5 the

value is zero, which means that benchmark #5 does not trigger any direct branch events

(BR_INST_RETIRED:ALL_BRANCHES - BR_INST_RETIRED:COND). On the other hand, at index

9 the dark blue curve shows a value of one, indicating that benchmark #9 does execute one

direct branch per iteration. Looking at the code snippets, we can verify that benchmark #5

does not contain any direct branches, but benchmark #9 includes a goto instruction which

will execute in every iteration (the enclosing if statement is always true).

The green curve with square points indicates that benchmark #5 will experience branch

mispredictions (BR_MISP_RETIRED:COND) with a rate of 50% per iteration, while benchmark

#9 will not experience any mispredictions. This again becomes evident in the code, since

benchmark #5 executes a branch that checks the last bit of a randomly generated variable

(result), and therefore it will be mispredicted 50% of the time, while benchmark #9 does

not execute any non-deterministic branches.

The red curve with round points indicates that, in both benchmarks #5 and #9,

two conditional branches are taken at each iteration (BR_INST_RETIRED:COND_TAKEN).

Depending on the compiler, benchmark #9 might only record one taken conditional branch,

although the code has two conditional branches—one for the if statement and a second one
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for the back-edge of the while statement. This happens because the compiler generates a

jump that is taken when the condition of the if statement is false (i.e., it jumps for the

else case, not for the if case), and in the case of benchmark #9 the if statement is never

false, thus, the branch for the if statement is never taken. This explanation is easy to verify

by examining the generated assembler code.

The light blue curve with round points (BR_INST_RETIRED:ALL_BRANCHES) indicates that

benchmark #5 executes two and a half branches per iteration and all of them are retired (i.e.,

they are not discarded from speculative execution). Benchmark #9 executes three branches

per iteration, and all three are retired as well. Examining the code of benchmark #5 reveals

that the branch, due to the statement if((global_var1%2)!=0), will only execute for half

the iterations (only when the enclosing if turns out to be true); and the two branches, due

to the enclosing if and the while statement, will execute once in every iteration. In the

case of benchmark #9, the statement if(iter_count<global_var2) will be true for every

iteration, therefore the direct branch contained in it (goto) will execute for every iteration

as well, and so will the while statement.

Once again, the detailed explanation of each data point in this graph can be complicated

by micro-architecture and compiler optimizations, but the difference between the different

curves is evident, and thus using these benchmarks helps distinguish between events with

different semantics. An additional discussion on the design of our branch benchmarks can

be found in [30].

3.3.4 Floating-Point Tests

FLOPs are traditionally separated into the single- and double-precision categories. On

IBM’s POWER9 architecture, there is additional native hardware support for quad-precision

FLOPs [58, 57]. For the sake of consistency across architectures, we closely examine the

double-precision FLOPs in the following discussion.

Figure 3.4 shows a plot of the data generated when the floating-point benchmark is

executed. As shown in the figure, there are six regions, each of which corresponds to a

different Basic Linear Algebra Subprograms (BLAS) kernel being executed. The first three

regions (from left to right) correspond to the single-precision (“SP”) implementations of the
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Figure 3.4: Single-Precision and Double-Precision Floating-Point Hardware Events.
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Level-1 (“DOT”), Level-2 (“GEMV”), and Level-3 (“GEMM”) BLAS kernels (one level per

region). The latter three regions correspond to the double-precision (“DP”) implementations

of the three respective BLAS kernels. More details about the chosen BLAS routines are

discussed in Section 3.4.

Within each region in Figure 3.4, the X-axis denotes the number of rows and columns

N of the matrix (or vector) being used in the kernel and will hereafter be referred to as the

dimension. The dimension is incremented per the following piecewise linear progression. For

1 ≤ N ≤ 100, N is incremented by 1. For 100 < N ≤ 500, it is incremented by 50. This

choice allows us to observe the FLOPs from a larger domain of N while not proportionally

increasing the runtime of the range of problem sizes. For each N , the benchmark executes

the BLAS kernel of the floating-point precision corresponding to the region. In Figure 3.4,

there is a jump in each of the six regions at N = 100, resulting from the increment changing

from 1 to 50.

In the first region, the blue curve shows the single-precision FLOPs observed during the

execution of the DOT kernel for vectors of dimension ranging from 1 to 500. The black

curve shows the number of FLOPs that are expected to occur during the DOT kernel,

which is 2N FLOPs. The second region shows a similar progression for the GEMV kernel.

However, the blue curve in this region grows more rapidly than in the first region, as the

GEMV kernel invokes 2N2 FLOPs. The third region shows that the single-precision FLOPs

occur per the 2N3 expectation of the GEMM kernel. For the next three regions, the blue

curve is constantly zero, corresponding to no single-precision FLOPs being invoked by the

double-precision BLAS kernels. The green curve in the next three regions shows that the

double-precision FLOPs observed during the double-precision DOT, GEMV, and GEMM

kernels perfectly agree with the expectation. The green curve is constantly zero in the

first three regions because the single-precision BLAS kernels do not invoke double-precision

FLOPs.

30



3.4 Computation of Arithmetic Intensity for BLAS

Kernels

For the study of more precise monitoring of metrics, such as memory traffic and arithmetic

intensity, we have chosen different linear algebra routines that are representative of many

techniques used in scientific applications, such as computational chemistry, climate modeling,

and material science simulations, to name but a few. Dense linear algebra is well represented

on most architectures in highly optimized libraries implementing the BLAS API. We present

the analysis and study for the DDOT, DGEMV, and DGEMM routines, as they demonstrate

a wide range of computational intensities. Our goal is to find answers to the following

questions:

1. What is the performance and computational intensity that can be attained on different

architectures?

2. Can PAPI’s monitoring features for memory traffic and arithmetic intensity help to

make meaningful predictions for a real application?

3. How reliable are FLOP and memory traffic hardware events on the different architec-

tures?

BLAS operations are categorized into three levels by the type of operation. Level 1

addresses scalar and vector operations, Level 2 addresses matrix-vector operations, and Level

3 addresses matrix-matrix operations. The BLAS routines provide an excellent means of

examining arithmetic intensity and performance characteristics given that they are of high

importance to scientific computations and are well-defined and well-understood operations;

their implementations are highly optimized by vendor libraries, and the three levels of the

BLAS routines have different memory, performance, and computational characteristics.

We examine the Level-1 BLAS routine, DDOT, in greater detail. This is a double-

precision operation that multiplies two vectors such that α = xT · y. For the 2N FLOPs

(multiply and add), DDOT reads 2N doubles (assuming x ̸= y) and writes one double back.

Because there is no data reuse, the routine requires (2N ∗ 8 bytes)/2N = 8 bytes per FLOP.
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On modern architectures, such an operation is bandwidth limited and will reach about 5-

10% of the theoretical peak performance of the machine. The hardware bandwidth will

not be able to supply the computational cores with data at a high enough rate to feed the

floating-point units.

The Level-2 BLAS routine, DGEMV, is a matrix-vector operation that computes y =

αAx + βy where A is a matrix, x, y are vectors and α, β are scalar values. This routine

performs 2N2 floating-point operations on (N2+3N)∗8 bytes for read and write operations,

resulting in a data movement of approximately (8N2 + 24N)/2N2 = 4 + 12/N bytes per

FLOP. When doing a DGEMV on matrices of size N , each FLOP uses 4 + 12/N bytes of

data. With an increasing matrix size, the number of bytes required per flop stalls at 4,

resulting in bandwidth-bound operations.

The Level-3 BLAS routine, DGEMM, performs a matrix-matrix multiplication computing

C = αAB + βC where A,B,C are all matrices and α, β are scalar values. This operation

performs 2N3 floating-point operations (multiply and add) for 4N2 data movements, reading

the A,B,C matrices and writing the results back to C. This means that DGEMM has a

bytes/FLOP ratio of (4N2 ∗8)/2N3 = 16/N . When doing a DGEMM on matrices of size N ,

each FLOP uses 16/N bytes of data. As the size of the matrix increases, the number of bytes

required per FLOP decreases, until other limits of the processor are reached. The DGEMM

has a high data reuse allowing it to scale with the problem size until the performance is near

the machine peak.

3.4.1 Results

Our implementations of the BLAS-based benchmarks access a buffer larger than the largest

cache after the initialization of the arrays that hold the vectors and matrices, but before the

actual numerical operations occur. This is done to ensure the vectors and matrices used in

the operations are not present in the cache, but they reside strictly in memory at the start of

each BLAS operation. As such, the following implementations differ from the floating-point

test of CAT. CAT does not require such a mechanism to be in place since its test only gauges

FLOP occurrences and is agnostic to memory traffic. This mechanism does not affect the

actual number of FLOPs executed.

32



The FLOPs hardware events we measure using PAPI are defined by the following PAPI

preset on each of the Intel Broadwell, Intel Skylake, and IBM POWER9 architectures:

PAPI_DP_OPS. This preset event is specifically optimized to count scaled double-precision

vector operations. For the sake of completion, it is worth mentioning a second PAPI FLOPs

preset event, namely PAPI_SP_OPS, which is optimized to count scaled single-precision vector

operations. Table 3.1 shows how the two PAPI FLOPs presets are derived from the hardware

events as they are available on our three chosen architectures.

For the experiments in this chapter, we exclusively focus on double-precision arithmetic,

and thus we will not include PAPI_SP_OPS measurements in our analyses.

Figure 3.5 shows the double-precision floating-point operation counts for each of the three

levels of BLAS operations for each of the Intel Broadwell, Intel Skylake, and IBM POWER9

CPU architectures. The dimension of the vectors and matrices used in the BLAS operations

follows the same piecewise linear progression as in CAT’s floating-point tests.

For each of the three BLAS kernels, the expected number of floating-point operations—

as calculated and discussed in Section 3.4—matches perfectly the measurements from

PAPI_DP_OPS. This demonstrates that for the Intel Broadwell, Intel Skylake, and IBM

POWER9 architectures, the definitions for the PAPI preset PAPI_DP_OPS (as listed in

Table 3.1) reliably measure double-precision floating-point operations for various kernels

with different computational characteristics.

In Figures 3.6 and 3.7, we plot the statistical minimum and median of the measured

memory accesses, taken from 20 executions of the DDOT BLAS operation using the Intel

Broadwell and Skylake architectures, respectively. The minimum and median measurements

are shown because noise in the measurement can only be positive, so the minimum is the

closest to a noise-free measurement, the median provides a sense of the variance, and the

maximum can be arbitrarily noisy, so we omit it. We also show the expected number of

memory accesses per the following formulation. There are two vectors of N double-precision

floating-point elements (each of which is 8 bytes). Thus, a DDOT operation using vectors

of length N consumes 2 ∗ 8 ∗ N bytes of memory since each element of each vector must

be read. There is no expected, systematic pattern of memory writing traffic for the DDOT

operation. The memory events we measure count memory traffic in sizes of entire cache lines
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Table 3.1: PAPI’s Double- and Single-Precision FLOPs Preset Definitions

Architecture PAPI DP OPS PAPI SP OPS

Skylake

FP ARITH:SCALAR DOUBLE

+ 2×FP ARITH:128B PACKED DOUBLE

+ 4×FP ARITH:256B PACKED DOUBLE

+ 8×FP ARITH:512B PACKED DOUBLE

FP ARITH:SCALAR SINGLE

+ 4×FP ARITH:128B PACKED SINGLE

+ 8×FP ARITH:256B PACKED SINGLE

+ 16×FP ARITH:512B PACKED SINGLE

Broadwell
FP ARITH:SCALAR DOUBLE

+ 2×FP ARITH:128B PACKED DOUBLE

+ 4×FP ARITH:256B PACKED DOUBLE

FP ARITH:SCALAR SINGLE

+ 4×FP ARITH:128B PACKED SINGLE

+ 8×FP ARITH:256B PACKED SINGLE

POWER9 PM DP QP FLOP CMPL PM SP FLOP CMPL
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of memory, and each cache line is 64 bytes. Therefore, the amount of memory traffic we

observe by measuring the events is (2∗8∗N)
64

. Figures 3.6 and 3.7 show that the measurements

of DDOT operations for smaller vector dimensions exhibit background memory accesses

from the system on the order of 102 and 103, respectively. As N increases, the minimum and

median measurements very closely agree with the expectation. Note that since the DDOT

operation streams through the vectors, there is no data reuse. Thus, DDOT is agnostic to

the size of the CPUs’ caches. Because of this, when N is large enough such that the memory

required to store the two vectors is greater than the size of the cache, the measured behavior

should remain close to the expected behavior shown. Figures 3.6 and 3.7 show that the

PAPI performance metrics on both the Intel Broadwell and Skylake architectures measure

the correct memory traffic for the DDOT operation. In Section 3.5, we elaborate further on

the actual PAPI events that we used for measuring memory traffic.

Figure 3.8 and Figure 3.9 show the minimum and median memory access measurements

during the DGEMV BLAS operation on the Intel Broadwell and Skylake architectures,

respectively. We show the expected number of memory accesses per the following

formulation. There are two vectors of N double-precision floating-point elements (each of

which is 8 bytes). In addition, there is a matrix of double-precision floating-point elements,

of which there are N2. The DGEMV operation incurs a read for each of the elements of the

operand matrix, operand vector, and result vector, totaling 8 ∗ (N2 + 2 ∗N) bytes read. It

incurs a write for each of the elements in the result vector, which would total 8 ∗ N bytes

written. But other microbenchmarks indicate that the cache writes back to memory in whole

counts of a cache line. To account for this, we instead include the term 8 ∗ 8 ∗N (8 ∗ 8 bytes

= 64 bytes, which is the size of a cache line) in the expectation formula shown in Figures 3.8

and 3.9. This term would theoretically have more influence on the total expectation for

memory traffic than 8 ∗N , but since the bytes read include a term which is quadratic with

N , neither 8 ∗ 8 ∗N nor 8 ∗N has a significant numerical impact on the total expectation.

Furthermore, since two expectations, including one for each of 8 ∗ 8 ∗ N and 8 ∗ N bytes

written, are visually indistinguishable, we include 8 ∗ 8 ∗N . Thus, the total expectation for

the memory traffic of the DGEMV operation is the number of bytes read plus the number

of bytes written divided by 64, (8∗(N2+2∗N)+8∗8∗N)
64

, by virtue of the memory traffic events we
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measure counting traffic in sizes of entire cache lines. DGEMV has little data reuse since it

streams through the operand matrix and result vector. Only the operand vector’s data is

reused. As such, DGEMV is not sensitive to the size of the cache until the memory required

to store the single operand vector of N elements requires enough memory to exceed the size

of the cache. As in the case of the DDOT, we see that there is background memory traffic

from the system, on the order of 102 for Broadwell and 103 for Skylake, for small values of

N . We observe that as N increases, the measured memory traffic closely agrees with the

expectation. Therefore, Figures 3.8 and 3.9 show that the selected hardware events on both

the Intel Broadwell and Skylake architectures measure the correct memory traffic for the

DGEMV operation.

Figures 3.10 and 3.11 show the minimum and median memory access measurements for

the DGEMM BLAS operation (also on the Intel Broadwell and Skylake architectures). There

are three matrices (two operand matrices and one result matrix) of N2 double-precision

floating-point elements (each of which is 8 bytes), each of which must be read, resulting

in 8 ∗ 3 ∗ N2 bytes read. It incurs a write for each of the elements of the result matrix,

totaling either 8 ∗ 8 ∗ N2 or 8 ∗ N2 bytes written, depending on whether the writebacks to

memory occur per cache lines written or per elements written, respectively. Since the bytes

written for the DGEMM are quadratic in N , there is a significant difference between these

two potential memory writing terms with respect to their impact on the total expectation.

Thus, we have two expectations, (8∗(3∗N2+8∗N2))
64

and (8∗(3∗N2+N2))
64

. We once again divide by

64 here since the events we measure account for memory traffic in the amount of entire cache

lines. As such, we show both expectations in Figures 3.10 and 3.11. Unlike the DDOT and

DGEMV operations, the DGEMM operation is sensitive to the size of the cache of the CPU

on which it is executed because the second operand matrix (which contains a number of

elements quadratic with N) is reused for every row of the result matrix which is computed.

Depending on how the hardware prefetches and caches data for the DGEMM operation, we

establish two bounds for the maximum dimension of matrices which fit within the cache.

The sizes of the caches in the Broadwell and Skylake architectures are 35.84 and 25.344 MB,

respectively. If the during the DGEMM operation, the hardware caches the entire first and

second operand matrices, then we establish a lower bound on the maximum dimension of the
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matrices which fit within the cache per the following equations (in which we use the cache

sizes of the two architectures).

Broadwell : 35840 ∗ 1024 = 2 ∗ 8 ∗N2 =⇒ N = 1514

Skylake: 25344 ∗ 1024 = 2 ∗ 8 ∗N2 =⇒ N = 1273

If the hardware caches the entire second operand matrix but only a row of the first

operand matrix, we establish an upper bound on the maximum dimension of the matrices

which fit within the cache per the following equations.

Broadwell : 35840 ∗ 1024 = 8 ∗ (N2 +N) =⇒ N = 2141

Skylake: 25344 ∗ 1024 = 8 ∗ (N2 +N) =⇒ N = 1800

For each of the above equations, the negative solutions for N are disregarded. The

region between these bounds is shaded in each of Figures 3.10 and 3.11. We observe that

while N fits well within the size of the caches, the measured memory traffic closely agrees

with the expectation. We also observe that for relatively small values of N , the memory

writing behavior tends to occur per cache line. However, as N increases, the writing tends

to occur per element. Background memory traffic is not prevalent, even for relatively small

values of N , due to the large amount of memory accesses incurred relative to the DDOT

and DGEMV. Thus, Figures 3.10 and 3.11 show that we obtain the correct measurements

for memory traffic for the DGEMM operation utilizing the selected hardware events on the

Intel Broadwell and Skylake architectures.

3.5 Benchmarks for Memory Traffic

There are two crucial categories of events to define arithmetic intensity: memory traffic and

FLOPs. Memory traffic is further categorized as reading or writing. For the purposes of our

benchmarks, memory reading traffic entails the amount of data read from memory to the

CPU cache, and memory writing is the amount of data written to memory from the cache.

Among the CAT benchmarks that we have publicly released, the codes for testing the data

caches can also be used to test traffic to main memory. This is the case when the buffer

size exceeds the size of the last level cache. The known hardware events that we utilize to

44



measure memory traffic on the Intel Broadwell and Skylake architectures are as follows: Intel

Broadwell (One-Socket Node):

bdx_unc_imc[0|1|4|5]::UNC_M_CAS_COUNT:[RD|WR]:cpu=0

Intel Skylake (Two-Socket Node):

skx_unc_imc[0-5]::UNC_M_CAS_COUNT:[RD|WR]:cpu=[0|18]

By measuring these events using the CAT data cache reading benchmark, we obtain the

plots that follow. We used the same CAT benchmarks to classify the available inter-

core events on the IBM POWER9 architecture which correlate with the observed behavior

of the memory-reading events on the Intel Broadwell and Skylake architectures shown in

Figures 3.12 and 3.13, respectively. The events measured in Figure 3.14 exhibit similar

behavior to those of memory reading events measured in Figures 3.12 and 3.13. Note that

the expectation in the third and fourth regions in Figure 3.14 varies from those in Figures 3.12

and 3.13 since the size of a cache line on the IBM POWER9 architecture is 128 bytes [58].

Subsequent cross-referencing of [57] verified these events indeed measure the memory reading

traffic. Hence, we obtained the following names of the memory traffic events on the IBM

POWER9 architecture, which we use to measure memory reading during the execution of the

BLAS operations on the IBM POWER9 architecture. IBM POWER9 (Two-Socket Node):

pcp:::perfevent.hwcounters.nest_mba[0-7]_imc.

PM_MBA[0-7]_[READ|WRITE]_BYTES.value:cpu[84|172]

3.5.1 IBM POWER9 Measurements via PCP

Measuring the traffic to main memory requires access to the hardware shared among CPU

cores, which measure inter-core events. Therefore, elevated privileges—or very permissive

system settings—are required in order to read them. To work around this limitation, IBM

also made their inter-core events available through the PCP interface, which can be accessed

by any user. To take advantage of this feature, PAPI included a component for interfacing

with PCP. As a result, the hardware events for measuring memory traffic on IBM systems

can be read using PAPI without the need for elevated privileges. The downside of making
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Figure 3.12: Memory Reading Traffic on the Broadwell Architecture.
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Figure 3.13: Memory Reading Traffic on the Skylake Architecture.
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Figure 3.14: Memory Reading Traffic on the POWER9 Architecture.
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measurements through PCP is the coarseness of the measurements and the overhead incurred

by the PCP daemon. In the rest of this section, we describe our effort to amortize the

overheads of PCP in our measurements and give a quantitative analysis of the results. The

discussion that follows is focused on the vector dot-product operation (DDOT), but all the

techniques we will discuss apply directly to all other kernels we used as benchmarks.

If a measurement infrastructure—e.g., PCP—is susceptible to noise, it is usually

beneficial to take measurements of operations that take longer to complete and result in

larger measurements in order to amortize the noise. This approach, however, would limit

the size of the vectors that we use to very large numbers. Since we aim to correlate the

memory traffic measurements with the theoretical expectation for the known linear algebra

operations, this limitation is not ideal. To work around this problem, and study the noise

in PCP, we used the approach that is shown in Listing 3.3.

As can be seen in the code listing, the actual operation is executed in Line 20. However,

instead of simply executing the operation once and measuring it with PAPI, we execute

multiple iterations of it. However, simply executing the exact same operation multiple times

would skew the memory traffic measurements, since the caches would filter some of the

memory requests. To avoid this problem, we allocate memory for multiple copies of the

vectors (Lines 1 and 2), and every time we execute the operation, we provide it with a

different memory region (e.g., &v_a[offset]). Furthermore, we do not just execute the

operation a fixed number of times, but rather we vary the number of repetitions (Line 10)

in order to study the effect of repetition on noise suppression. Finally, to avoid cache reuse

between iterations of the outer loop, we access (in every iteration) a buffer that exceeds all

cache sizes (Lines 12-14). We should also note that the actual benchmark contains additional

code (not shown to improve readability) that prevents compilers from labeling parts of our

code as dead, which would lead to optimizing those parts away.

The results of this study can be seen in Figure 3.15. In these graphs, for any given vector

size N the expected number of reads is given by the equation:

Reads =
2× 8×N

64
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Listing 3.3: Benchmark code for amortizing and studying PCP noise.

1 v_a = malloc( v_size * max_reps * sizeof(double) );

2 v_b = malloc( v_size * max_reps * sizeof(double) );

3 junk = malloc( LARGE_BUF_SIZE * sizeof(double) );

4

5 for ( i = 0; i <= v_size*max_reps; i++ ) {

6 v_a[i] = ...

7 v_b[i] = ...

8 }

9

10 for ( reps = 1; reps <= max_reps; reps *= 2 ) {

11

12 for( i = 0; i < LARGE_BUF_SIZE; i++ ){

13 junk[i] = ...

14 }

15

16 PAPI_start( EventSetBW );

17

18 for ( iter = 0; iter < reps; iter++ ) {

19 offset = iter * v_size;

20 ddot(v_size , &v_a[offset], &v_b[offset ]);

21 }

22

23 PAPI_stop(EventSetBW , &value );

24 printf("%.0lf:", (double)value/( double)reps);

25 }

since DDOT reads two vectors with double-precision elements (which use 8 bytes each),

and the cache of the target machine (POWER9) implements a memory controller with the

“capability to fetch only 64 bytes of data (half cache lines), instead of the normal full cache-

line size of 128 bytes of data from the memory when memory bandwidth utilization is very

high” [58] (Page 350). The expected number of write operations should be constant, and

close to zero, since the DDOT operation does not write anything back into the memory,

but rather accumulates the result into a register. Since the DDOT does not write back to
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memory, and the measured reads in Figure 3.15 correlate to the measured writes for small

N , these reads are regarded as noise.

The graph shown in 3.15a shows the data measured when the operation was repeated

only once. Clearly, the measurements do not correlate with the expectation (plotted as

a solid black line) due to very heavy noise, for all vector sizes. In 3.15b, we show the

measured data when eight repetitions of the operation were used, and as can be seen in the

plot, for very large vector sizes the measurements start converging to the expected values.

In 3.15c, we used 64 repetitions of the operation and the measurements start converging to

the expected values much earlier. Finally, in 3.15d, our benchmark repeats the operation

512 times, and the measurements converge to the expected values very early, and remain

close to the expectation.

These results are encouraging but at the same time they represent a cautionary tale. On

one hand, they show that the experiments we performed on the IBM POWER9 architecture

for the purpose of this study were successful in amortizing the overhead and the noise caused

by PCP. On the other hand, they highlight the coarseness of the measurements offered by

PCP and the limited usability when studying short kernels. In other words, our findings

suggest that application developers who wish to study the memory traffic of their applications

in coarse intervals can acquire useful measurements without the need for elevated privileges

by using PCP. However, library developers who wish to study the behavior of fast kernels

need to resort to techniques similar to the one outlined in this section in order to amortize

the high overhead and noise of PCP.

3.6 Conclusions and Future Work

Computing the Arithmetic Intensity of an application or a kernel is essential for understand-

ing its performance, and whether there is room for improvement. However, measuring the

quantities necessary to compute the arithmetic intensity—namely floating-point operations

and traffic to memory—often entails access to hardware events that may require elevated

privileges, or have cryptic names.
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Figure 3.15: POWER9 Measurements of Memory Traffic Events via PCP for DDOT Benchmark.
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In this chapter, we discussed our effort to simplify the effort of measuring these hardware

events and quantifying their reliability through PAPI. In particular, we outlined CAT, a

tool that was released with PAPI 6.0, and we showed how it can be used to identify which

hardware events are best suited for measuring traffic to main memory. We demonstrated that

the arithmetic intensity of three important BLAS operations (DOT, GEMV, GEMM) can be

computed on three different architectures (Intel Broadwell, Intel Skylake, IBM POWER9)

and explained how PAPI’s PCP component can be used on the POWER9 system to sidestep

the requirement for elevated privileges. Finally, we performed a study on the reliability of

the PCP measurements and explained how the noise and overhead in the measurements can

be mitigated, even for small kernels that do not perform enough operations to amortize the

noise on their own.

In addition, this chapter addresses the following questions:

1. What is the performance and computational intensity that can be attained on different

architectures? On the Intel Broadwell, Intel Skylake, and IBM POWER9 architectures,

such performance metrics as FLOPs and main memory traffic are gauged via hardware.

We have shown that the FLOPs and memory traffic—which occur during the execution

of the DDOT, DGEMV, and DGEMM operations—match the expectations for each

respective operation.

2. Can PAPI’s monitoring features for memory traffic and arithmetic intensity help to

make meaningful predictions for a real application? As we have shown, the PCP

component in PAPI allows the user to measure the inter-core events for memory traffic

for the DDOT, which is a common dense linear algebra operation. The results we

have presented indicate that relatively fast kernels, such as DDOT, require multiple

repetitions to provide meaningful, expected performance measurements to application

developers and performance analysts.

3. How reliable are FLOP and memory traffic events on the different architectures? Per

our experiments, the PAPI performance metrics report the expected FLOPs for the

three BLAS operations on the Intel Broadwell, Intel Skylake, and IBM POWER9

architectures. The inter-core events also report the expected memory traffic for each
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BLAS operation on the Intel Broadwell and Skylake architectures. On the IBM

POWER9 architecture, repetitions of the DDOT operation yield the expected amount

of memory traffic by amortizing the noise in PCP measurements. Hence, the utilized

hardware events provide reliable FLOP and memory traffic measurements across the

three architectures we have examined.

The future work related to this chapter includes monitoring multiple events simultane-

ously (fully utilizing the available hardware counters) instead of monitoring one event per

benchmark execution. This would decrease the time needed to measure large numbers of

events. This is a challenge because different hardware events occupy different numbers of

registers, making it difficult to determine which events can be monitored together.

The benchmarking process can also be improved by monitoring a batch of hardware

events using all available compute cores simultaneously. This would require forming batches

using only events that are strictly related to compute core resources (as opposed to shared

resources), which are not affected by hardware activity from other cores. Other future work

will include developing benchmarks for the shared hardware subsystems in GPUs.

54



Chapter 4

Automatically Defining Performance

Metrics from Hardware Events

4.1 Disclosure

This chapter uses content from one of my published papers [16] (© 2024 IEEE as

appropriate):

• Barry, D., Danalis, A., and Dongarra, J. (2024). “Automated Data Analysis for

Defining Performance Metrics from Raw Hardware Events.” In 2024 IEEE

International Parallel and Distributed Processing Symposium Workshops (IPDPSW),

pp. 716-725, https://doi.org/10.1109/IPDPSW63119.2024.00134.

I am the primary author of this paper. Coauthors for the published paper include Anthony

Danalis and Jack Dongarra. Reused coauthor contributions are limited the idea of rounding

(shown in Section 4.6), textual improvements, and high-level guidance.

4.2 Introduction

This chapter presents a methodology to (i) automatically classify which hardware events

belong to which hardware attributes and (ii) automatically derive meaningful performance

metrics using available hardware events.
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Hardware events are at the center of application performance analysis. However, the sheer

volume of low-level hardware events in modern HPC systems is overwhelming, making them

difficult for users to comprehend. Understanding which concepts are monitored by hardware

events can be achieved using a two-step process. The first step is the execution of benchmarks

designed to stress different hardware attributes in isolation. For every hardware event we

wish to understand, we execute the benchmarks while measuring the hardware event. This

is achieved by the contributions of Chapter 3. In the second step, the data produced

by executing the benchmarks is analyzed to identify what each hardware event actually

measures. This chapter presents the methodology for analyzing the data from four previously

developed benchmarks that stress key hardware attributes—CPU and GPU floating-point

units, branching units, and data caches—to map low-level hardware events to high-level

performance metrics. This chapter establishes an automated methodology to express the

hardware event data in a well-understood, conceptual basis. This chapter implements a

specialized pivoting scheme for QR factorization to identify hardware events that provide

distinct information from each other, and techniques for addressing noise in hardware event

measurements. Lastly, this chapter utilizes least-squares regression to combine the chosen

events to define particular performance metrics of interest.

Performance metrics in HPC systems are monitored by reading the occurrences of various

hardware events. However, as a user transitions from one architecture to another, the

mapping between hardware events and the concepts they measure becomes increasingly

ambiguous due to (i) different architectures containing differing sets of hardware events and

(ii) the vast amounts of hardware events present in newer machines.

Modern HPC systems [13, 105, 10] are becoming more and more heterogeneous in their

hardware constitution—e.g., deeper and more nuanced memory hierarchies, custom network

infrastructures, and GPU accelerators. As such, they contain on the order of hundreds

of thousands of hardware events related to the increasingly diverse array of hardware

attributes. While these hardware events are documented to some extent in vendors’ technical

documents [3], they are not always described thoroughly.

This overall lack of clarity makes it challenging for users to comprehend the specific high-

level programming concepts—such as total floating-point operations (FLOPs), bidirectional
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memory bandwidth, etc.—that hardware events actually represent. Further exacerbating

this issue, there are far fewer physical counters available than there are hardware events,

by several orders of magnitude. Therefore, measuring all hardware events at once is not

possible. Even if it was possible, the problem of determining meaningful combinations of

the vast amounts of available hardware events to define specific performance metrics is an

intractable task to accomplish manually.

Middleware libraries, such as PAPI [101], serve as portability layers that provide

definitions for performance-metric presets across diverse architectures using hardware events.

Since third-party performance tools—TAU [97], Score-P [96], Vampir [24], Caliper [22],

etc.—utilize middleware layers to access hardware events, being able to automatically define

these performance metrics using available hardware events can have a significant impact

on the community. While the Counter Analysis Toolkit (CAT) [17] consists of benchmarks

to discover the true concepts measured by hardware events, it has still been necessary to

manually parse its output.

The following contributions are achieved in this work.

• We express hardware event data (from CAT benchmarks) as vectors and form them

into data matrices both as-is and in hardware-attribute specific bases.

• We implement a special-purpose column-pivoted QR factorization (QRCP) for our data

matrices to identify which hardware events represent independent concepts from each

other.

• We develop filtering mechanisms to suppress the noise present in event measurements

to eliminate bogus outcomes from the linear algebra operations.

• We utilize least-squares regression to identify the best-fit combination of hardware

events needed to define high-level performance metrics of interest.

• We showcase how the analysis presented in this chapter can be used to automatically

define useful performance metrics for recent x86 CPUs and AMD GPUs.

We conduct experiments on two systems:
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• Aurora at the Argonne National Laboratory: compute nodes contain Intel

Sapphire Rapids CPUs. [11]

• Frontier at the Oak Ridge National Laboratory: compute nodes contain AMD

MI250X GPUs. [13, 87]

We use the Aurora supercomputer to collect event measurements from the CAT CPU-

FLOPs, branching, and data cache benchmarks. To verify that our methods hold for an

entirely different category of compute hardware, we collect event measurements by running

a new GPU-FLOPs benchmark on the Frontier supercomputer.

4.3 Hardware Event Analysis Methodology

Suppose a programmer is interested in monitoring the number of double-precision floating-

point operations performed by their code. For brevity, we will refer to these operations as

DP FLOPs. However, many architectures—such as Intel Sapphire Rapids—do not include

a hardware event that measures DP FLOPs. Therefore, this quantity has to be constructed

by combining measurements from existing hardware events that measure more detailed

concepts, such as the floating-point instructions of a particular AVX type (e.g., 256-bit

AVX). Combining such hardware events requires that we identify all the relevant hardware

events, but it also involves an additional problem that must be addressed. Specifically,

these hardware events measure instructions, not operations. In some cases, such as scalar

addition and subtraction, instructions and operations have the same count, but instructions

such as fused multiply-add (FMA) perform two operations for every one instruction, and

the aforementioned 256-bit AVX instructions perform four FLOPs for every instruction.

Therefore, to form the concept of operations, the existing hardware events first have to be

scaled and then added together.

The challenge now becomes identifying all the hardware events that measure the

independent floating-point instruction concepts. We do this by running a series of

microkernels wherein each microkernel performs a known, expected number of a specific type

of floating-point instructions, such as single-precision scalar, or double-precision AVX256
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FMA, etc. For every such microkernel execution, we measure the response of all hardware

events found on the target hardware.

Let us assume that the benchmark contains ten kernels. Then for every hardware event

ei, we will get a vector of length ten with values that correspond to the measurements of

ei for the ten kernels. Concatenating the vectors for all hardware events would produce a

matrix A. Ideally, we could turn our search for a DP FLOPs performance metric into a

linear algebra problem. To do so, we first have to handcraft the vector that DP FLOPs

would measure for our ten kernels, if such an event existed on the hardware. We will refer

to this handcrafted vector as the signature of this performance metric. Now, we can use

the matrix A which contains the real measurements of the hardware events and solve the

problem:

A · x = b

where b is the signature of the performance metric we are interested in. Solving this problem

would result in a vector of coefficients, x, that would tell us which columns of A need to be

combined to form the signature of the performance metric we seek, and by what factor they

need to be scaled. Since the columns of A directly correspond to hardware events found on

the target hardware, solving this problem would tell us how to compose the performance

metric of interest using existing hardware events.

However, this problem cannot be solved as such, for multiple reasons. First of all,

the matrix A is singular. That is, it contains multiple columns of only zeros, since

multiple hardware events will not measure anything that relates to kernels with floating-

point operations (e.g., hardware events that measure TLB misses). Even if we removed

those columns in a filtering step, there will be other non-zero columns that will appear

multiple times, columns that are scaled versions of other columns, and columns that are

linear combinations of other columns. For example, hardware events that measure integer

operations or branch operations would cause this for the floating-point kernels, since the

headers of the loops will contain integer operations and branches. In theory, such columns

could also be filtered out of A using a matrix orthogonalization algorithm, such as QR.

However, noise in the measurements can hide linear dependencies between columns, or create
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bogus dependencies between columns that ought to be independent. For example, the vectors

(1, 1) and (0.99, 1.01) are numerically linearly independent (since one cannot be expressed

as a scaled version of the other) but semantically they are the same vector if their difference

is solely due to noise. Besides noise, the vast divergence of scale between different columns

would cause QR to pick irrelevant hardware events in the resulting matrix. For example,

hardware events measuring cycles would lead to columns that have a significantly larger

norm than the column resulting from floating-point hardware events. Since the norm of a

vector is the criterion that QR typically uses to select vectors, the resulting matrix would

contain many irrelevant hardware events.

In the following sections, we describe the analysis and data manipulation we performed

on our measurements in order to overcome all of these difficulties and produce meaningful

combinations of hardware events that define the performance metrics in which programmers

are interested.

4.4 Structure of CAT Benchmark Data

The first microkernel in the CAT CPU-FLOPs benchmark contains three loops as shown in

Figure 4.1. The loops contain 24, 48, and 96 double-precision scalar instructions respectively.

Let us refer to this kernel as KSCAL. A second microkernel has the same structure, but

contains loops with 12, 24, and 48 AVX256 fused multiply-add instructions. Let us refer to

this one as K256
FMA.

In the interest of readability, in the following discussion we will assume that the target

platform only has two types of floating-point instructions, double-precision scalar non-FMA,

and double-precision AVX256 FMA.

4.4.1 Performance Metric Signatures

A performance metric that performance analysts are often interested in is double-precision

floating-point operations, DP FLOPs. However, this performance metric does not correspond

to any hardware event in most existing hardware. Therefore, we must compose it by

combining existing hardware events. The challenge is to identify which existing hardware
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Figure 4.1: Double-Precision Scalar Floating-Point Kernel, KSCAL.
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events we need to use and how they need to be scaled in order to properly compose the

performance metric in which we are interested.

On the simplified target hardware that we mentioned above, the values of this

performance metric during the execution of the KSCAL kernel would be (24,48,96) per

iteration, for the three loops of the kernel, since each DP instruction in the kernel performs

a DP operation. In contrast, when executing the K256
FMA kernel, we would expect the FLOP

counts for the three loops to be (96,192,384) since each AVX256 FMA instruction performs

eight FLOPs. The measurements from these two kernels concatenated together would form

the vector (24,48,96,96,192,384), which we will refer to as the signature for DP FLOPs.

Since this event does not exist on the target hardware though, the goal now is to form this

signature by adding together scaled measurement vectors of hardware events that actually

exist on the target architecture. Let us consider that the target hardware has a hardware

event that measures only DP scalar non-FMA instructions, and another that only measures

DP AVX256 FMA instructions (both of which are common in real hardware). If we monitor

the scalar event while executing kernel KSCAL followed by kernel K256
FMA, we will obtain as

output the vector (24,48,96,0,0,0), denoted by DSCAL. If we monitor the AVX event while

running the same two kernels, we will obtain as output the vector (0,0,0,12,24,48), denoted by

D256
FMA. Each AVX256 FMA instruction performs eight floating-point operations, so since we

are interested in composing a FLOPs performance metric, we need to scale D256
FMA by a factor

of eight. Scaling and adding these measurement vectors, as shown in Equation 4.1, produces

the desired signature for all DP FLOPs from these two instruction-counting hardware events.

All DP FLOPs = DSCAL + 8 ·D256
FMA

24

48

96

96

192

384


=



24

48

96

0

0

0


+ 8 ·



0

0

0

12

24

48


=



24

48

96

0

0

0


+



0

0

0

96

192

384


(4.1)
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In this simplified example, we demonstrated how we can use the measurements we

obtained from monitoring existing hardware events while executing kernels to compose a

performance metric based on its “signature.” Essentially, the signature describes what we

expect the composed performance metric to measure when executing a specific set of kernels.

However, the aforementioned description was an oversimplification of the floating-point

hardware. In reality, there are more types of floating-point instructions than strictly

scalar and AVX256 FMA in double-precision. To capture this complexity, we use more

than the two kernels we discussed previously. Namely, we use kernels for scalar and all

AVX vector widths, both FMA and non-FMA, and in both single- and double-precision:

Space={scalar, 128, 256, 512}×{FMA,non-FMA}×{SP,DP}

4.4.2 Hardware Event Measurement Normalization

We use the term expectation to refer to the vector of expected measurements when monitoring

an ideal event while executing all those kernels in sequence. In the above example, the

expectation vectors were DSCAL and D256
FMA. Note that we used the term “ideal event,”

as opposed to “hardware event,” because some of the expectation vectors might refer to

concepts that do not exist in a target architecture. For example, several Intel processors

only offer hardware events that count both FMA and non-FMA instructions, instead of

hardware events that count strictly one or the other. Similarly, several AMD processors do

not offer different events for strictly single-precision, or strictly double-precision instructions.

In contrast, our expectation vectors span all of these ideal performance concepts.

Scaling and combining all the relevant expectations results in the correct DP FLOPs

signature as follows:

1 ·DSCAL + 2 ·D128 + 4 ·D512 + 8 ·D512 + 2 ·DSCAL
FMA + 4 ·D128

FMA + 8 ·D256
FMA + 16 ·D512

FMA

A different way to view this is that we use the expectation vectors to project the signature

of the performance metric we are trying to compose (e.g., DP FLOPs) onto a set of “ideal

hardware dimensions” defined by the ideal events.
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Combining the entire set of expectation vectors into a matrix forms an expectation basis,

E, which we can use as a coordinate system to represent different hardware events. For

example, in the coordinate system formed by the expectation basis:

E =


| | | | | · · · | | · · · | | · · · |

SSCAL S128 S256 S512 DSCAL · · · D512 SSCAL
FMA · · · S512FMA DSCAL

FMA · · · D512
FMA

| | | | | · · · | | · · · | | · · · |


the DP FLOPs signature has the representation:

(0, 0, 0, 0, 1, 2, 4, 8, 0, 0, 0, 0, 2, 4, 8, 16)

Note that half the values are zeros because they correspond to single-precision (SP)

expectations, which do not contribute to the signature of DP FLOPs.

After we have established our expectation basis E for the FLOPs benchmark, we can

obtain the representation for the measurement vector me of a hardware event e by solving

the linear algebra problem:

E · xe = me

where E is the expectation basis, and xe is the resulting representation of me.

However, because this linear system is rectangular for some expectation bases, we solve

it using least squares. If the least-squares error is too large, then a hardware event cannot

be sufficiently represented in the expectation space and therefore is disregarded from further

analysis.

After using this process to produce the xe vector for each hardware event e, we

concatenate all such vectors into a matrix X. Note that there is a distinct matrix X for each

set of benchmark kernels (i.e., ideal events for FLOPs, branches, caches, etc. are handled

independently). In Section 4.5, we describe how we suppress the noise of the vectors that

we add into matrix X, and in Section 4.6, we explain how we generate a new matrix X̂ that

contains linearly independent columns of X so that we can use it to define useful performance

metrics.
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4.4.3 GPU FLOPs

The analysis we are describing in this chapter is not limited to one type of hardware events,

nor only hardware events that originate on the CPU, nor any other hardware-event specific

limitation. In this section, we utilize a GPU benchmark that stresses the floating-point

units. This benchmark contains kernels that do one of addition, subtraction, multiplication,

square root, and fused multiply-add. We tested these kernels on Frontier’s AMD MI250X

GPUs. The symbols we use in this expectation basis are denoted by TP , where T is the type of

operation—A, S, M, SQ, or F—standing for the aforementioned operations. P is the precision

of the operation—H, S, or D—denoting half-, single-, or double-precision. Table 4.2 lists the

signatures for floating-point performance metrics on the GPU. The portions of signatures

corresponding to the FMA kernels are scaled by two because the kernels issue instructions,

but an FMA is two arithmetic operations per instruction.

EGPU FLOP =


| | | | · · · | · · · | · · · |

AH AS AD SH · · · MH · · · SQH · · · FD

| | | | · · · | · · · | · · · |

 (4.2)

4.4.4 Branching

We use the same notation as [30] for the branching basis. The symbols CE, CR, T, D, and M

denote Conditional Branches Executed, Conditional Branches Retired, Conditional Branches

Taken, Unconditional (Direct) Branches, and Mispredicted Branches, respectively.

Table 4.3 lists the signatures for branching performance metrics. Conditional Branches

Not Taken is equivalent to Conditional Branches Retired minus Conditional Branches

Taken. Correctly Predicted Branches is equivalent to Conditional Branches Retired

minus Mispredicted Branches. All other signatures have a one-to-one mapping with the

expectations.
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Ebranch =


| | | | |

CE CR T D M

| | | | |

 =



2 2 1.5 0 0

2 2 1 0 0

2 2 2 0 0

2 2 1.5 0 0.5

2.5 2.5 1.5 0 0.5

2.5 2.5 2 0 0.5

2.5 2 1.5 0 0.5

3 2.5 1.5 0 0.5

3 2.5 2 0 0.5

2 2 1 1 0

1 1 1 0 0



(4.3)

4.4.5 Data Caches

The CAT data cache benchmark performs a pointer chase on a buffer. By controlling the size

of the buffer, it can incur hits or misses on the different levels of the cache hierarchy. This

benchmark uses multiple concurrent threads working independently on disjoint buffers to add

more pressure on the memory subsystem than a single thread would impose. The following

symbols are used to denote the expectations for the data caches: L1DM, L1DH, L2DH, and

L3DH. In this basis, the symbols DM and DH denote Demand Misses and Demand Hits.

The signatures for various data cache performance metrics are listed in Table 4.4.

4.5 Noise Analysis

As mentioned in Section 4.3, variability in hardware event measurements due to noise is

problematic. Thus, we filter such noisy hardware events out of our analysis pipeline. To

quantify the variability of a hardware event, we collect the hardware event’s measurement

vector from multiple repetitions of a CAT benchmark. We compute the root normalized

mean-square error (RNMSE) between each pair of measurement vectors (mi
e and mj

e) and

keep the maximum value. The maximum RNMSE is given by Equation 4.4. In this formula,

mi
e and mj

e are measurement vectors, and N is the number of elements in each vector. When

the denominator in this formula is zero, it means that the average value of a hardware

event’s measurement vector (m̄i
e or m̄j

e) is zero. If one of these two quantities is zero, then
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we define the variability to be one, corresponding to a 100 percent error.1 We introduce

a noise threshold, τ ; if a hardware event has a variability measure greater than the noise

threshold τ , it is regarded as being too noisy to be reliably controlled by CAT benchmarks,

and the hardware event is not considered for further analysis.

Max. RNMSE(me) = maxi ̸=j
∥mi

e −mj
e∥2√

N ∗ m̄i
e ∗ m̄

j
e

(4.4)

In Figure 4.2a, we show the max-RNMSE value for each hardware event measurement

from the CAT branching benchmark, sorted in increasing order. There is a cluster of

hardware events with a zero variability (these are plotted as machine epsilon on the y-

axis for the sake of visualization on a logarithmic scale). From these results, we can see that

setting τ to any value from 10−4 to 10−15 unambiguously divides the zero-noise hardware

events from the noisy hardware events. For the experiments described in this chapter, we

chose the value 10−10 for τ . We discard hardware events with noise above this threshold

(indicated by the shaded regions in Figure 4.2). For hardware events with noise below this

threshold, we can keep the average measurement vector from all repetitions, or any one of

the vectors since all vectors are identical.

We repeat this analysis for the hardware event measurements from the other CAT

benchmarks, as shown in Figures 4.2b-4.2d. The hardware event measurements from the

CPU- and GPU-FLOPs benchmarks have a cluster of zero-noise hardware events, similarly

to those from the branching benchmark. Therefore, for these two benchmarks, we also set

τ to 10−10. For the data cache benchmark measurements, the value of τ is not as clear

as it is for the other benchmarks, due to the unpredictability and complex behavior of the

cache hierarchy. However, from empirical observations, we found that setting τ to 10−1 is

sufficient. This is true because this filtering step is only meant to reduce the amount of

noisy, irrelevant measurements that will proceed to the next stage of the analysis. Choosing

a lenient filtering threshold leading to false positives is better than not applying this step at

all.

1If all measurements of a hardware event are zero, then the hardware event is discarded as irrelevant.
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These results show that τ can vary depending on the hardware attribute to which a class

of hardware events relates, because different hardware attributes exhibit different levels of

noise. Other studies [94] have also found that certain hardware attributes are less prone to
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(a) CAT Branching Benchmark. (b) CAT CPU-FLOPs Benchmark.

(c) GPU-FLOPs Benchmark. (d) CAT Data Cache Benchmark.

Figure 4.2: Hardware Event Variabilities in CAT Benchmarks.
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noise than others. For most classes of hardware events, the separation between noisy and

noise-free hardware events is clear, and choosing a cutoff threshold does not require a very

careful selection process. For the cache hardware events, where noise is more prominent, we

choose a lenient cutoff threshold to only filter out the noisiest hardware events, because in a

subsequent step we will use multiple measuring threads and select the median measurement

among them to further suppress noise.

4.6 Specialized QRCP Factorization

As we mentioned before, in order to define useful performance metrics from the hardware

events, we need the columns of matrix X to be linearly independent. The mathematical

reason behind this requirement is that if there are linearly dependent columns in a matrix

A, then when trying to solve the system A · x = b, there can be infinite solutions. However,

for the purposes of defining a performance metric, there is only one solution (i.e., one

combination of hardware events) that is the most meaningful. Another way to view this

is that linearly independent hardware event representations are semantically equivalent to

hardware events that provide distinct information from each other, and therefore are best

equipped to construct higher-level performance metrics.

QRCP is an orthogonal matrix factorization that provides a linearly independent subset

of a matrix’s columns. Algorithm 4.1 outlines the basic steps in computing the QRCP,

where matrix X is the input matrix. As can be seen in the listing, π is the array containing

the permuted column-indices of X. We say that a matrix has rank k if it has k linearly

independent columns. In this case the first k entries of π will correspond to the linearly

independent columns, and the others will correspond to the remaining columns (which are

linearly dependent on the first k).

Algorithm 4.2 is our modified version of the QRCP. Our modifications are focused on

the pivot step, so that the linearly independent columns that are chosen by the algorithm

best fit the needs of our analysis. Our modified algorithm takes matrix X as input and

provides the permutation array as output; however, it also takes a tolerance α as input.

The primary difference between Algorithms 4.1 and 4.2 is that Algorithm 4.2 uses a special
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pivoting scheme (Line 3) that prioritizes columns that are closer to the expectations in the

basis. In other words, columns that contain a few values of one and multiple values of

zero are prioritized over columns that contain an assortment of values that differ from one

and zero. In contrast, in the standard QRCP, the pivot is chosen as the column with the

largest norm [98], which is the opposite of what we want for our analysis. Regardless of the

pivoting scheme, linear independence of the resulting hardware events is guaranteed by the

orthogonalization inherent to QR.

For this scheme to be practical, we introduce the tolerance α to account for noise in

hardware event measurements. Each element u of X (u := Xij) is rounded to the closest

integer within a tolerance of α using the formula:

R(u) = α · ⌊u
α
+ 0.5⌋

After rounding the values in X, the pivoting scheme scores each column in X as follows.

Every element v := |Xij| of a column j contributes to the pivoting score of the column based

on the following formula:

Sc(v) =


v, if v ≥ 1

1/v, if 0 < v < 1

0, if v = 0

The global minimum score is tracked along the way. If multiple columns have this

minimum score, then the tie is broken by choosing the column in X with the smallest norm.

However, if the norm of a column is smaller than a threshold β (where we define β to be the

norm of the vector in which each element is α), then this column is disregarded. This ensures

that columns close to the zero-vector are not chosen as a pivot. If all pivot candidates have

a norm that is smaller than β, then the algorithm terminates (in Algorithm 4.2, we show

this as setting the pivot to -1).
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To give an example of the two operations of the two previous formulas, for α = 0.01, the

vector: (1.002, 0.001, 90.5, 1.5) would have the score:

1 + 0 +
1

0.5
+ 1.5 = 4.5

Using the rounding and scoring formulas on the matrix X, followed by the modified QR

that we described, results in a matrix X̂ which is either square or overdetermined2, and has

linearly independent columns.

4.6.1 CPU FLOPs

Setting α = 5 × 10−4, Algorithm 4.2 resulted in an X̂ whose columns correspond to the

following hardware events:

FP ARITH INST RETIRED:[128|256|512]B PACKED [SINGLE|DOUBLE] and FP ARITH INST RETIRED:SCALAR [SINGLE|DOUBLE].

These hardware events chosen by the QR are “good” in the sense that they closely correspond

with the expected occurrence patterns and therefore the intended, targeted attributes of the

floating-point units.

4.6.2 GPU FLOPs

By setting α = 5× 10−4, Algorithm 4.2 identified the following key FLOPs hardware events

for the GPU:

SQ_INSTS_VALU_[ADD|MUL|TRANS|FMA]_F[16|32|64].3

The hardware events SQ_INSTS_VALU_ADD_F[16|32|64] occur in equivalent amounts for

addition and subtraction kernels, indicating that it counts both types of operations.

4.6.3 Branching

After setting α = 5× 10−4, Algorithm 4.2 found the hardware events:

2The matrix has at least as many rows as it has columns.
3These hardware events are prefixed with ‘rocm:::’ and suffixed with ‘device=0’ in PAPI; the ‘device’

qualifier can assume the value of 0-7 on Frontier since there are 8 GPU devices per node, but we need
only define performance metrics for a single device. These are excluded from the above text for the sake of
readability.
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Algorithm 4.1 QRCP.

Input A ∈ Rm×n

Output π ∈ Nn

1: π ← [1, . . . , n]
2: for i = 1, . . . , n do
3: pivot← argmaxi≤j≤n∥Ai:m,j∥2
4: A:,pivot ↔ A:,i

5: πi ↔ πpivot

6: Update A using column pivot.

Algorithm 4.2 QRCP with Special Pivoting.

Input A ∈ Rm×n, α ∈ R
Output π ∈ Nn

1: π ← [1, . . . , n]
2: for i = 1, . . . , n do
3: pivot← get pivot(A, π, i, α)
4: if pivot == 9 1 then
5: BREAK
6: A:,pivot ↔ A:,i

7: πi ↔ πpivot

8: Update A using column pivot.
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• BR_MISP_RETIRED, • BR_INST_RETIRED:COND_TAKEN,

• BR_INST_RETIRED:COND, • BR_INST_RETIRED:ALL_BRANCHES.

4.6.4 Data Caches

Setting α = 5× 10−2, Algorithm 4.2 chose the hardware events:

• MEM LOAD RETIRED:L3 HIT, • MEM LOAD RETIRED:L1 MISS,

• L2 RQSTS:DEMAND DATA RD HIT, • MEM LOAD RETIRED:L1 HIT.

4.6.5 Threshold Sensitivity

The threshold α that we used for the data cache hardware events was chosen to be higher

than the other hardware event categories because α is a noise tolerance threshold. As we

discussed in Section 4.5, the cache hardware events exhibit higher levels of noise than all

other hardware events, which affects this discussion, too. The actual value of the threshold

is chosen empirically, but it does not have to be a perfect “magic” value. A wide range of

values for α lead to the creation of a matrix X̂ that contains hardware events that properly

capture the behavior of the hardware attribute that is tested by the corresponding kernels.

4.7 Defining Useful Metrics

Since we have the linearly independent hardware events from the analysis performed in

Section 4.6, we are able to meaningfully solve the system of the form X̂y = s, where X̂ is

the matrix of hardware events chosen by the QR, and s is the signature for a performance

metric that we want to compose, such as those in Tables 4.1-4.4.

We solve this system in the following subsections to define performance metrics as

combinations of hardware events. If the QR detected fewer linearly independent hardware

events than there are expectations in the basis, then X̂ will have more rows than columns.

Since the system is rectangular in this case, we solve it using least squares.
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Table 4.1: CPU FLOPs Metric Signatures

Performance
Metric

Signature
(SSCAL,...,D512

FMA)
SP

Instrs.
(1, 1, 1, 1, 0, 0, 0, 0, 2, 2, 2, 2, 0, 0, 0, 0)

SP
Ops.

(1, 4, 8, 16, 0, 0, 0, 0, 2, 8, 16, 32, 0, 0, 0, 0)

SP FMA
Instrs.

(0, 0, 0, 0, 0, 0, 0, 0, 2, 2, 2, 2, 0, 0, 0, 0)

DP
Instrs.

(0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0, 2, 2, 2, 2)

DP
Ops.

(0, 0, 0, 0, 1, 2, 4, 8, 0, 0, 0, 0, 2, 4, 8, 16)

DP FMA
Instrs.

(0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 2, 2, 2, 2)
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Table 4.2: GPU FLOPs Metric Signatures

Performance
Metric

Signature
(AH,...,FD)

HP Add
Ops.

(1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0)

HP Sub
Ops.

(0, 0, 0, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0)

HP Add
and Sub Ops.

(1, 0, 0, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0)

All HP
Ops.

(1, 0, 0, 1, 0, 0, 1, 0, 0, 1, 0, 0, 2, 0, 0)

All SP
Ops.

(0, 1, 0, 0, 1, 0, 0, 1, 0, 0, 1, 0, 0, 2, 0)

All DP
Ops.

(0, 0, 1, 0, 0, 1, 0, 0, 1, 0, 0, 1, 0, 0, 2)
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Table 4.3: Branching Metric Signatures

Performance
Metric

Signature
(CE,CR,T,D,M)

Unconditional
Branches.

(0, 0, 0, 1, 0)

Conditional
Branches Taken.

(0, 0, 1, 0, 0)

Conditional
Branches Not Taken.

(0, 1, 91, 0, 0)

Mispredicted
Branches.

(0, 0, 0, 0, 1)

Correctly
Predicted Branches.

(0, 1, 0, 0, 91)

Conditional
Branches Retired.

(0, 1, 0, 0, 0)

Conditional
Branches Executed.

(1, 0, 0, 0, 0)
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Table 4.4: Data Cache Metric Signatures

Performance
Metric

Signature
(L1DM, · · · , L3DH)

L1 Misses. (1, 0, 0, 0)
L1 Hits. (0, 1, 0, 0)
L1 Reads. (1, 1, 0, 0)
L2 Hits. (0, 0, 1, 0)
L2 Misses. (1, 0, 91, 0)
L3 Hits. (0, 0, 0, 1)
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Table 4.5: CPU Floating-Point Metrics

Metric
Combination of
Hardware Events

Error

SP
Instrs.

+ 1×FP ARITH INST RETIRED:128B PACKED SINGLE

+ 1×FP ARITH INST RETIRED:256B PACKED SINGLE

+ 1×FP ARITH INST RETIRED:512B PACKED SINGLE

+ 1×FP ARITH INST RETIRED:SCALAR SINGLE

1.67e-16

SP
Ops.

+ 4×FP ARITH INST RETIRED:128B PACKED SINGLE

+ 8×FP ARITH INST RETIRED:256B PACKED SINGLE

+ 16×FP ARITH INST RETIRED:512B PACKED SINGLE

+ 1×FP ARITH INST RETIRED:SCALAR SINGLE

6.05e-18

SP FMA
Instrs.

+ 0.8×FP ARITH INST RETIRED:128B PACKED SINGLE

+ 0.8×FP ARITH INST RETIRED:256B PACKED SINGLE

+ 0.8×FP ARITH INST RETIRED:512B PACKED SINGLE

+ 0.8×FP ARITH INST RETIRED:SCALAR SINGLE

2.36e-1

DP
Instrs.

1×FP ARITH INST RETIRED:128B PACKED DOUBLE

+ 1×FP ARITH INST RETIRED:256B PACKED DOUBLE

+ 1×FP ARITH INST RETIRED:512B PACKED DOUBLE

+ 1×FP ARITH INST RETIRED:SCALAR DOUBLE

5.55e-17

DP
Ops.

2×FP ARITH INST RETIRED:128B PACKED DOUBLE

+ 4×FP ARITH INST RETIRED:256B PACKED DOUBLE

+ 8×FP ARITH INST RETIRED:512B PACKED DOUBLE

+ 1×FP ARITH INST RETIRED:SCALAR DOUBLE

1.69e-19

DP FMA
Instrs.

0.8×FP ARITH INST RETIRED:128B PACKED DOUBLE

+ 0.8×FP ARITH INST RETIRED:256B PACKED DOUBLE

+ 0.8×FP ARITH INST RETIRED:512B PACKED DOUBLE

+ 0.8×FP ARITH INST RETIRED:SCALAR DOUBLE

2.36e-1
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Backward Error =
∥Êy − s∥2

∥Ê∥2 · ∥y∥2 + ∥s∥2
(4.5)

The fitness of a least-squares solution is given by the backward error, provided in

Equation 4.5. [98] This error is listed in Tables 4.5-4.7 for each signature’s least-squares

approximation.

4.7.1 CPU FLOPs

Using the hardware events chosen by the QR from Section 4.6 and the signatures from

Table 4.1, we utilize least squares to define the floating-point performance metrics in

Table 4.5. The number of instructions for both single- and double-precision are simply

the sum of the scalar and vector hardware events for the respective precision. The number

of operations is a weighted sum of the same hardware events. For the operations performance

metrics, each hardware event is scaled by the number of floating-point operands. The least-

squares error for most of these performance metrics is extremely small, indicating that these

are indeed good performance metric definitions. However, the error is relatively large for

the FMA instructions performance metrics. Furthermore, the least squares gives unintuitive

linear combination of hardware events for these performance metrics. These results suggest

that there do not exist dedicated FMA-counting hardware events in this architecture, which

after inspecting the list of hardware events, we verified to be true. Therefore, our analysis

correctly identifies both the existence and the absence of hardware events that can compose

desired performance metrics.

4.7.2 GPU FLOPs

We repeat the least-squares analysis to define the GPU floating-point performance metrics

in Table 4.6. The error for each of the HP Add and HP Sub performance metrics is relatively

large. This again suggests that these performance metrics cannot be defined in isolation on

this architecture; however, the performance metric of HP Adds and Subs is indeed defined.
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Table 4.6: GPU Floating-Point Metrics

Metric
Combination of
Hardware Events

Error

HP
Add.

0.5×SQ INSTS VALU ADD F16 4.14e-1

HP
Sub.

0.5×SQ INSTS VALU ADD F16 4.14e-1

HP Add.
and Sub.

+ 1×SQ INSTS VALU ADD F16 5.55e-17

All HP
Ops.

2×SQ INSTS VALU FMA F16

+ 1×SQ INSTS VALU MUL F16

+ 1×SQ INSTS VALU TRANS F16

+ 1×SQ INSTS VALU ADD F16

2.39-17

All SP
Ops.

2×SQ INSTS VALU FMA F32

+ 1×SQ INSTS VALU MUL F32

+ 1×SQ INSTS VALU TRANS F32

+ 1×SQ INSTS VALU ADD F32

2.39e-17

All DP
Ops.

+ 2×SQ INSTS VALU FMA F64

+ 1×SQ INSTS VALU MUL F64

+ 1×SQ INSTS VALU TRANS F64

+ 1×SQ INSTS VALU ADD F64

2.39e-17
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The performance metrics for All Operations for each precision are also defined using the

results from the least squares. These performance metric definitions have very small errors.

4.7.3 Branching

We perform the least-squares analysis for the performance metrics listed in Table 4.7. All of

these performance metrics, with the exception of All Branches Executed, can be defined for

this architecture. The small errors and reasonable linear combinations of hardware events

produced by least-squares verify that these performance metrics are well defined; whereas,

the near-zero coefficient in the last linear combination, along with the error having the

maximum possible value (1) indicate the lack of hardware events that can compose an All

Branches Executed performance metric.

4.7.4 Data Caches

Table 4.8 shows the least-squares results for the data cache performance metrics. For all

of these performance metrics, there is very little least-squares error. The coefficients are

not exactly zero or one in the hardware event combinations in Table 4.8; however, this can

be attributed to the noise from the data cache benchmark. Notice that the coefficients are

either within 2% of one, or smaller than 5.87 × 10−3. Therefore, we can easily round them

to one or zero. If we round the coefficients to zero or one to form a new combination, then

we can evaluate how well the combination compares to the signature. Figure 4.3 shows

that rounding the coefficients from least squares provides an exact match for the signatures.

This means that the least squares yields accurate hardware event combinations, even for the

noisy data cache hardware events. These results show that we must account for architectural

nuance when forming signatures; we are able to discover valuable combinations of hardware

events to the extent that we understand the noise present in the hardware attributes of a

given architecture.
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Table 4.7: Branching Metrics

Metric
Combination of
Hardware Events

Error

Unconditional
Branches.

91×BR INST RETIRED:COND

+ 1×BR INST RETIRED:ALL BRANCHES

4.03e-16

Conditional
Branches
Taken.

1×BR INST RETIRED:COND TAKEN 2.15e-16

Conditional
Branches
Not Taken.

1×BR INST RETIRED:COND

- 1×BR INST RETIRED:COND TAKEN

2.35e-16

Mispredicted
Branches.

1×BR MISP RETIRED 9.26e-17

Correctly
Predicted
Branches.

91×BR MISP RETIRED

+ 1×BR INST RETIRED:COND

2.80e-16

Conditional
Branches
Retired.

1×BR INST RETIRED:COND 4.93e-16

Conditional
Branches
Executed.

2.22e-16×BR MISP RETIRED

+ 5.62e-16×BR INST RETIRED:COND

+ 1.53e-16×BR INST RETIRED:COND TAKEN

+ 9.86e-32×BR INST RETIRED:ALL BRANCHES

1.0

83



Table 4.8: Data Cache Metrics

Metric
Combination of
Hardware Events

Error

L1 Misses.

2.56e-3×MEM LOAD RETIRED:L3 HIT

+ 3.50e-4×L2 RQSTS:DEMAND DATA RD HIT

+ 1.00001×MEM LOAD RETIRED:L1 MISS

- 3.05e-4×MEM LOAD RETIRED:L1 HIT

4.07e-16

L1 Hits.

95.69e-6×MEM LOAD RETIRED:L3 HIT

- 4.21e-4×L2 RQSTS:DEMAND DATA RD HIT

- 4.19e-6×MEM LOAD RETIRED:L1 MISS

+ 0.9996×MEM LOAD RETIRED:L1 HIT

9.64e-17

L1 Reads.

2.55e-3×MEM LOAD RETIRED:L3 HIT

- 7.14e-5×L2 RQSTS:DEMAND DATA RD HIT

+ 1.00001×MEM LOAD RETIRED:L1 MISS

+ 0.9993×MEM LOAD RETIRED:L1 HIT

1.70e-16

L2 Hits.

95.87e-3×MEM LOAD RETIRED:L3 HIT

+ 1.003×L2 RQSTS:DEMAND DATA RD HIT

- 2.39e-3×MEM LOAD RETIRED:L1 MISS

- 3.11e-4×MEM LOAD RETIRED:L1 HIT

2.51e-16

L2 Misses.

8.43e-3×MEM LOAD RETIRED:L3 HIT

- 1.002×L2 RQSTS:DEMAND DATA RD HIT

+ 1.002×MEM LOAD RETIRED:L1 MISS

+ 5.74e-6×MEM LOAD RETIRED:L1 HIT

2.33e-16

L3 Hits.

1.02×MEM LOAD RETIRED:L3 HIT

+ 5.22e-3×L2 RQSTS:DEMAND DATA RD HIT

- 5.26e-3×MEM LOAD RETIRED:L1 MISS

- 5.88e-6×MEM LOAD RETIRED:L1 HIT

2.54e-16
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(a) L1 Hits. (b) L1 Misses.

(c) L1 Reads. (d) L2 Hits.

(e) L2 Misses. (f) L3 Hits.

Figure 4.3: Various Data Cache Performance Metric Approximations from Least Squares.
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4.8 Conclusions and Future Work

In this chapter, we have introduced an automated mathematical analysis to parse through

thousands of hardware events and identify those most pertinent to specific hardware

attributes. We have demonstrated the use of this analysis with both CPU and GPU

floating-point units, branching units, and the memory subsystem, by coupling the analysis

with the CAT benchmarks on the Intel Sapphire Rapids CPU and the AMD MI250X GPU

architectures.

We are able to account for high levels of noise by collecting hardware event measurements

multiple times and excluding hardware events that have high run-to-run variability

across measurements. We quantify this noise using the maximum RNMSE between two

measurements. For the data cache benchmark, we use multiple threads for our experiments,

and minimize the noise by keeping the median reading across all threads.

These strategies sufficiently precondition measurement data prior to the QR factorization.

Furthermore, our specialized QR factorization allows us to account for small noise, making

it useful for data analysis of practical counter readings. We observed that branching and

FLOPs (both CPU and GPU) hardware events exhibit relatively low amounts of noise

when executing the CAT benchmarks; however, the measurements of hardware events

corresponding to the memory subsystem are noisier.

We implemented a specialized QR pivoting strategy that chooses the best sets of hardware

events representing our hardware expectation bases. It accomplishes this by prioritizing

hardware events which are closest to the individual dimensions of the expectation basis.

After producing the set of linearly independent hardware events from the QR, performing

least squares on the resulting matrix successfully provided linear combinations of hardware

events for the desired performance metrics, and it correctly indicated through the resulting

error the cases where a performance metric cannot be composed from hardware events

on a given architecture. This analysis provides a numerical notion of fitness, which aids

in validating hardware event combinations. Our analysis defined architecturally available

branching, floating-point, and cache performance metrics.
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Even in the case of the cache performance metrics, where noise is the most prevalent,

we demonstrated that rounding the resulting coefficients by just a few percent results in

simple combinations of hardware events that behave in ways that perfectly match the desired

signatures of the performance metrics.

Future work will entail methods to develop different measures to quantify hardware event

noise and more rigorously select noise suppression thresholds and pivoting criteria.
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Chapter 5

Benchmarking Strategies for

Inter-core Events

5.1 Disclosure

This chapter uses content from one of my published papers [18] (© 2023 IEEE as

appropriate):

• Barry, D., Jagode, H., Danalis, A., and Dongarra, J. (2023). “Memory Traffic

and Complete Application Profiling with PAPI Multi-Component Measure-

ments.” In 2023 IEEE International Parallel and Distributed Processing Symposium

Workshops (IPDPSW), pp. 393-402, https://doi.org/10.1109/IPDPSW59300.

2023.00070.

I am the primary author of this paper. Coauthors for the published paper include Heike

Jagode, Anthony Danalis, and Jack Dongarra. Reused coauthor contributions are limited to

the idea of the capped GEMV (shown in Section 5.3.1), textual improvements, and high-level

guidance.
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5.2 Introduction

This chapter introduces techniques to accurately decode and verify inter-core events. Some

of the most important categories of hardware events count the data traffic between the

processing cores and the main memory. However, since these hardware events are not core-

private, applications require elevated privileges to access them. PAPI offers a component

that can access this information on IBM systems through the Performance Co-Pilot (PCP);

however, doing so adds an indirection layer that involves querying the PCP daemon. This

chapter performs a quantitative study of the accuracy of the measurements obtained through

this component on the Summit supercomputer. We use two linear algebra kernels—

a generalized matrix multiply, and a modified matrix-vector multiply—as benchmarks

and a distributed, GPU-accelerated 3D-FFT mini-app (using cuFFT) to compare the

measurements obtained through the PAPI PCP component against the expected values

across different problem sizes. We also compare our measurements against an in-house

machine with a very similar architecture to Summit, where elevated privileges allow PAPI

to access the hardware events directly (without using PCP) to show that measurements

taken via PCP are as accurate as the those taken directly. Finally, using both QMCPACK

and the 3D-FFT, we demonstrate the diverse hardware activities that can be monitored

simultaneously via PAPI hardware components.

The amount of data that is moved between the processor and the main memory of

a computer often has a higher impact on the performance of an application than any

other aspect of the application. Typically, application developers, as well as compiler

optimizations, try to structure data accesses so that the cache hierarchy is utilized in order

to minimize traffic to the main memory. However, data still needs to be transferred to and

from the main memory for all but the simplest codes.

Assessing the amount of memory traffic during the execution of a program relies on

hardware events that are not private to the core in which the program is running, and

thus are referred to as Uncore, Northbridge, or Nest, depending on the hardware vendor.1

However, since the main memory is a shared resource among all processors, applications

1In the rest of this chapter, we will use the term “Nest” since these studies are focused on IBM systems.
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must run with elevated privileges in order to access these hardware events. Unfortunately,

the typical user of high-performance systems, such as the Summit supercomputer, does not

usually have the privileges needed to query the Nest counters. To circumvent this problem,

IBM chose to utilize the Performance Co-Pilot [92] to export Nest-related information to

ordinary users.

The middleware library PAPI [101] offers a component that interfaces with PCP. Through

this component, third-party performance tools that depend on PAPI to access hardware

events, such as TAU [97], Score-P [96], Vampir [24], Caliper [22], etc., can acquire information

regarding the memory traffic of applications without the need for elevated privileges.

The PCP component of PAPI operates by communicating with the Performance Metrics

Collector Daemon (PMCD) running on a given system. The PMCD runs with the special

privileges needed to query the Nest counters. PAPI then queries the PMCD via the PCP

component without the user requiring any special permissions. This enables all PAPI users

to monitor Nest hardware events from user space without elevated privileges and without

using multiple APIs to access these hardware events from across the system. Also, one of

PAPI’s commitments as a portability layer is the thorough validation of the hardware events

exposed to the user to account for unreliable hardware events, especially when there are

multiple sources of hardware events.

Another burden in assessing whether an application uses the available resources efficiently

is the heterogeneous nature of modern machines. This has resulted in modern applications

that have a hierarchical structure in order to utilize multi-core CPUs, GPUs, and distributed-

memory execution all at the same time. However, assessing whether all the parts of

an application use the corresponding hardware components efficiently and timely requires

collecting information from multiple diverse sources at the same time. The multi-component

structure of PAPI allows this diverse collection of data, and as we demonstrate in this

chapter, enables the user to assess the efficiency of the whole execution.

The following contributions are achieved in this work.

• We showcase monitoring of hardware events that measure memory traffic using the

PAPI PCP component. We perform a series of experiments with various computa-

tional kernels—DGEMM, a modified DGEMV, and data re-sorting subroutines of a
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distributed-memory 3D-FFT—to quantify the accuracy of the measurements taken via

PCP.

• We evaluate the accuracy of measurements taken via PCP and compare them with

those taken directly from the Nest counters.

• We elucidate micro-architecturally driven nuance in memory traffic incurred by

streaming and strided data access patterns. Accessing data in strides has a similar

impact on memory traffic as utilizing software prefetching. Both incur a read-per-

write to memory.

• We use a hybrid 3D-FFT mini-app and the QMCPACK application to demonstrate

how PAPI can be used to monitor and correlate the activity of multiple hardware

components of a heterogeneous, distributed-memory system.

We conduct experiments on two systems:

• Summit at the Oak Ridge National Laboratory: each compute node has two

sockets containing 22-core IBM POWER9 CPUs and NVIDIA Tesla V100 GPUs.

We do not have elevated privileges on this system; therefore, we use the PAPI PCP

component to measure memory traffic.

• Tellico at the University of Tennessee Knoxville: a two-socket testbed containing

16-core IBM POWER9 CPUs in which we do have elevated privileges, so we measure

Nest events without the use of PCP. We define the perf uncore events using the Nest

IMC Memory Offsets [57]. This serves as a basis for comparison of the fidelity of

measurements from Summit using PCP.

The memory traffic hardware events we measure on these systems are listed in Table 5.1.

In our experiments, we pin only one thread to each physical core. Although there are 22

cores per socket, one of these cannot be accessed by the user because it is “set aside for

system service tasks” [86].
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Table 5.1: Architectures and Hardware Events

System Arch. Hardware Events

Summit
IBM

POWER9

pcp ::: perfevent.hwcounters.nest mba[0−7] imc
:PM MBA[0−7] [READ|WRITE] BYTES
:value
:cpu[87|175]

Tellico
IBM

POWER9
power9 nest mba[0−7]::PM MBA[0−7] [READ|WRITE] BYTES

:cpu=0

92



5.3 BLAS Benchmarks for Memory Traffic

There are two prevalent Basic Linear Algebra Subprograms (BLAS) operations we use

to evaluate the accuracy of memory traffic measurements from the PCP component: the

matrix-vector (GEMV) and matrix-matrix multiplications (GEMM). Validating PAPI’s

capabilities to monitor memory traffic contributes to an ongoing effort to design scalable

math library routines. However, we cannot inspect proprietary vendor library kernel

implementations at a sufficient fine-grain granularity in order to use them to verify the

identities of performance hardware events. Hence, we examine reference implementations of

these two BLAS operations. Note that the absolute performance achieved by these kernels

is not relevant to this work. We only use them to evaluate the accuracy of the measurements

of the hardware counters against the expected behavior of these kernels, and therefore the

reference implementations are entirely sufficient for this study. We vary the size of these

operations and monitor and analyze their memory reading and writing traffic.

In previous work [17], we accounted for noise in memory-related measurements on Intel

architectures by taking the minimum or median counter reading of multiple executions, or

repetitions, of BLAS operations. On IBM POWER9, we used the average over 512 repetitions

of the DOT operation, executing a different problem size each time to prevent data reuse.

Since the work presented here focuses exclusively on POWER9, we use average readings for

GEMV and GEMM. Also, we vary the number of repetitions with problem size and contrast

batched and serial kernels, while in the previous work, we only used serial kernels.

5.3.1 GEMV

Suppose we have the vectors x ∈ RN , y ∈ RM and a matrix A ∈ RM×N , with each element

being a double-precision, floating-point number. The GEMV operation is defined as y = Ax,

where the ith element of vector y is the dot product of the vector x and the ith row of matrix

A.
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1 for ( i = 0; i < M; i++ ){

2 /* Dot product of row of A and x. */

3 sum = 0.0;

4 for ( k = 0; k < N; k++ )

5 sum += A[i][k] * x[k];

6 /* Store result in memory. */

7 y[i] = sum;

8 }

Listing 5.1: Reference GEMV Kernel.

Per line 6 of Listing 5.1, the reference GEMV incurs one read from memory to retrieve

the kth element of a row of matrix A and one read to retrieve the kth element of input vector

x. The vector x gets reused for every successive iteration of the outer for-loop, so if it fits in

the cache it will only be read from memory once, in the first iteration of the outer for-loop.

Therefore, the entire kernel causes N reads for vector x, M×N reads for matrix A (which is

only accessed once, so no reuse is possible), and M reads are incurred by the hardware when

writing into the vector y. Therefore, a total of M×N+M+N elements are read from memory

for GEMV.

In order to observe a very large amount of memory writing traffic, the resulting vector y

must be large, since only y is being written. However, to produce a vector y of size M we need

a source matrix of size M×N. Storing this matrix in memory limits the maximum output size M

that we can use in our experiments. Making things even worse, in our actual experiments we

store a different matrix A for each thread. The reason this is necessary is because if all threads

shared a common matrix A, then one of the threads would fetch a portion of the matrix into

the shared L3 cache, and the other threads would read it directly from there, resulting in a

complicated data transfer pattern that is difficult to predict and analyze. Furthermore, to

ensure no data is cached between different repetitions of our experiment we use a different

matrix A for each repetition. Therefore, when using a large size M the memory requirements

for allocating all the necessary data would exceed the practical memory limitations of the

systems we used. One option is to use a matrix with a small width, N, and only vary the

height, M. Even with this approach, we would still encounter the limitation of how big of a

problem size we can use, as we only limit the width of matrix A.
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As such, we used a modified operation to limit both the width and height of matrix A

without restricting the size of the vector y. This allows us to simulate the memory traffic of

a GEMV that computes a very large vector y (thus increasing memory write traffic) while

not consuming as much memory for allocating matrix A. The modified operation is defined

as follows. We introduce the new variable P = min{M,N} and cap the size of matrix A to

P×N. Then we access the rows of matrix A multiple times using the index ip = i%P .

yi =
N∑
k=1

aip,k · xk (1 ≤ i ≤M) (5.1)

We refer to this as the capped GEMV because it caps the size of matrix A, regardless of

the size of the output vector y.

This capping of memory allocation is shown visually in Figure 5.1 with the shaded area

of size P×N on the top of the matrix depicting the capped amount of memory that is needed,

and the area with the diagonal pattern in the bottom depicting the amount of memory that

is not required. Factoring in the multiple copies of matrix A that are needed to facilitate

multiple threads and multiple repetitions, as we explained earlier, one can easily see that

this modified kernel allows for a much larger vector y and thus much higher writing traffic

to memory than the unmodified GEMV.

1 P = min(N,M);

2 #pragma omp parallel for schedule(static)

3 for ( idx = 0; idx < numThreads; idx++ )

4 for ( i = 0; i < M; i++ ){

5 /* Dot product row of A and x. */

6 sum = 0.0;

7 for ( k = 0; k < N; k++ )

8 sum += A[idx][i%P][k] * x[idx][k];

9 /* Store result in memory. */

10 y[idx][i] = sum;

11 }

Listing 5.2: Batched, Capped GEMV.

Listing 5.2 shows the code which executes a batch of numThreads independent capped

GEMV operations (one per physical core). The purpose of this batched, capped GEMV is to
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Figure 5.1: Capped GEMV Memory Usage Schematic.
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occupy all physical cores with work, without introducing communication between OpenMP

threads. This version of the kernel creates numThreads times more reading and writing

volume than the single-threaded, capped GEMV.

The memory access pattern is the same as the unmodified GEMV, when the size of the

capped matrix A exceeds the size of the caches. Namely, each thread must read a total of

M×N+M+N elements and write M elements.

5.3.2 GEMM

Suppose we have three matrices A,B,C ∈ RN×N , with each element being a double-precision,

floating-point number. The GEMM operation is defined as C = AB, where the element in

row i, column j of C is the dot product of the ith row of A and the jth column of B:

cij =
N∑
k=1

ai,kbk,j (1 ≤ i, j ≤ N) (5.2)

1 #pragma omp parallel for schedule(static)

2 for ( i = 0; i < N; i++ )

3 for ( j = 0; j < N; j++ ){

4 /* Dot product of row of A and column of B. */

5 sum = 0.0;

6 for ( k = 0; k < N; k++ ) {

7 sum += A[i][k] * B[k][j];

8 }

9 /* Store result in memory. */

10 C[i][j] = sum;

11 }

Listing 5.3: Reference GEMM.

Line 7 of Listing 5.3 shows that the whole matrix B is accessed by the two inner most

loop, since it’s only indexed by k and j. Therefore, if matrix B is small enough (as it is in

most of our experiments), it will be cached and will not incur traffic from main memory in

any but the first iteration of the outer most loop (i = 0). Matrix A will be accessed one row

at a time, and each row will be reused multiple times back-to-back, while it still resides in
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cache. Therefore each line of A will incur traffic from main memory only once. Similarly to

the case of GEMV, the output matrix C is not read, but only written by the kernel, but most

modern hardware architectures will impose a read operation for each element written into

C. Therefore, the whole kernel will cause a total of 3 × N2 elements to be read from main

memory when the matrices fit in the cache, and higher when they do not.

1 #pragma omp parallel for schedule(static)

2 for ( idx = 0; idx < numThreads; idx++ )

3 for ( i = 0; i < N; i++ )

4 for ( j = 0; j < N; j++ ){

5 /* Dot product of row of A and column of B. */

6 sum = 0.0;

7 for ( k = 0; k < N; k++ ) {

8 sum += A[idx][i][k] * B[idx][k][j];

9 }

10 /* Store result in memory. */

11 C[idx][i][j] = sum;

12 }

Listing 5.4: Batched GEMM.

Listing 5.4 shows the code which executes a batch of numThreads independent GEMM

operations (one per physical core). As in the case with the batched, capped GEMV,

the purpose of this code is to load each physical core with work such that there is no

communication among the OpenMP threads. So there is numThreads times as much reading

and writing as there is for the single-threaded, reference GEMM.

5.4 Benchmark Results

In Figure 5.2a, we see the measurements for reading and writing memory traffic taken during

the execution of the GEMM benchmark using a single thread running on one core. The

dashed lines reflect the expected memory traffic multiplied by 8 (8 bytes per double-precision

element) and divided by 64 (each memory read or write occurs in 64-byte chunks, or half

cache-line size). The IBM POWER9 architecture has the “capability to fetch only 64 bytes
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of data (half cache lines), instead of the normal full cache-line size of 128 bytes of data from

the memory” [58].

The shaded, banded region in the figure represents the range of problem sizes for which we

expect the measurements to diverge from the expectations. This derives from the fact that

the expectations are formulated under the assumption of caching. But when the problem

sizes fall within or surpass this shaded region, meaningful caching ceases to occur. The lower

bound of this region assumes that all three matrices (A, B, and C) are cached during the

GEMM operation. This bound is computed by setting the size of the L3 cache (5MB) equal

to the memory consumed by A, B, and C and solving for N :

8× (3×N2) = 5× 10242 =⇒ N ≈ 467 (5.3)

The upper bound of this region assumes that the entirety of only one of A, B, or C is

cached during the GEMM operation. This bound is computed by setting the size of the L3

cache equal to the memory consumed by one of the matrices:

8×N2 = 5× 10242 =⇒ N ≈ 809 (5.4)

On Summit, there are 21 usable cores in a socket organized in 11 core pairs, and there is

a total of 110 MB of L3 cache. Each core pair is delegated a 10MB cache slice, therefore

each core can use up to 5MB of L3 cache without creating contention. When the other cores

on the same socket are idle, their local L3 cache slices can be re-appropriated by the active

core, giving the active core 110 MB worth of cache.

As shown by Figure 5.2a, when measuring the behavior of a single-threaded (serial)

GEMM kernel, neither the reading nor writing memory traffic adhere to the expectations.

We also observe this to be the case when we repeat the experiment on our testbed, Tellico,

a system in which we have privileged access to the Nest counters (see Figure 5.2b). The

memory traffic deviates from the expectation whether or not we measure it via PCP, and

the measurements for small matrices are dominated by noise.
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(a) PCP Hardware Events.

(b) Perf uncore Hardware Events.

Figure 5.2: Memory Traffic of Single-Threaded GEMM Operation on IBM POWER9
Measured with (a) PCP Events and (b) Perf uncore Events Using Only 1 Repetition.
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(a) Single-Threaded GEMM.

(b) Batched GEMM.

Figure 5.3: Memory Traffic of (a) Single-Threaded GEMM versus (b) Batched GEMM on
IBM POWER9 Measured with PCP Events.
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To amortize the noisy component of the memory traffic measurements, we can execute

multiple GEMM operations and take the average of their aggregate memory traffic [17]. But

how many repetitions are necessary?

From inspection of Figures 5.2a and 5.2b, the memory traffic deviates less from the

expectation for larger GEMM operations (while they still fit in the cache). This makes

intuitive sense because there is more memory traffic for larger problem sizes. Hence, it

takes more time for the operation to execute, giving the counters sufficient time to update;

whereas, smaller operations execute too quickly for the counters to accurately reflect the

hardware activity which took place. It follows that fewer repetitions are needed for larger

problem sizes.

In Figure 5.3a, we adapt the number of repetitions for a given problem size (N) per

Equation 5.5.

Repetitions(N) =

⌊514− 0.246×N⌋, N < 2048

10, N ≥ 2048

(5.5)

This is a simple formula for ensuring that we will execute around 500 repetitions for small

matrix sizes and linearly drop to 10 repetitions for the largest sizes. These numbers are design

decisions based on empirical observations in Figures 5.2a and 5.2b and are not the unique

solution of some underlying formula. Other qualitatively similar numbers of repetitions

would also work. In Section 5.5, we show that unlike the linear algebra kernels, large 3D-

FFT problems do not suffer from the same level of noise and do not require repetitions.

In Figure 5.3a, we observe that when we use this adaptive repetition scheme the average

memory traffic measurements exhibit much lower noise and are closer to the expectation.

However, the amount of traffic diverges from the expectation as the problem size increases

(while the matrices still fit in the cache). We repeat the experiment using a batched GEMM

so that each physical core is assigned its own GEMM operation (see Figure 5.3b). In this

trial, the work done by each core is independent of that done by every other core, so there

is no OpenMP communication. We can observed that in this case the measured traffic

matches the expectation very well, as soon as the matrices exceed trivially small sizes and

only diverges when the matrices exceed the size of the cache, as expected (see section 5.3.2).
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This raises the question of what is causing this extraneous memory traffic when executing

a single-threaded kernel. Could this be an artifact of PCP? To ascertain this, we repeated

the experiment by measuring Nest hardware events directly on the Tellico testbed, where

we have elevated privileges and thus access to perf uncore events; the results are shown in

Figures 5.4a and 5.4b.

As before, there is more memory traffic than expected for larger problem sizes and a

gradual deviation from the expectation in the single-threaded execution, despite not using

PCP, and this deviation disappears when keeping all cores busy.

Looking at these results we see that in the single-threaded execution (both on Summit

and Tellico) the memory traffic does not jump when the matrix size N exceeds the threshold

807 which corresponds to the 5MB cache slice per core. However, when all 21 cores are

active there are no other available cache slices that a given core can use, because all of the

L3 slices are already in use, and the memory traffic jumps drastically when each of the 21

batched GEMM operations exceed 5MB of data.

In Figure 5.5a, we show the results of running the capped GEMV kernel. For small sizes

we use a square matrix A (i.e., M=N=P) and therefore the kernel performs a regular GEMV

operation. When the size M reaches the point where the matrix exceeds the size of the L3

cache, then we fix the width (N) of the matrix, and proceed with the capped GEMV, where

P=N and only the size M of the vector y grows. Since each thread has access to 5MB of L3

cache, this transition happens when M=N=P=1280.

Looking at the figure one can see that the amount of reading from memory perfectly

matches our expectations. Specifically, when M<1280 the reading traffic matches what is

expected for a square GEMV (M2 + 2×M), and for larger sizes the reading traffic matches

what is expected for a capped GEMV (M×N+M+N). However, there is more writing traffic

than expected, and we do not observe steady memory writing until N exceeds 104. In

an effort to investigate whether this behavior is due to PCP, we repeated the experiment

using our Tellico tested (and perf uncore events). The results of this experiment, shown in

Figure 5.5b, show that there is extraneous memory writing traffic in this environment as

well. We also reproduced this behavior on an Intel Skylake architecture using perf uncore,

although we do not include this graph due to space limitations. Thus, this is neither a
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(a) Single-Threaded GEMM.

(b) Batched GEMM.

Figure 5.4: Memory Traffic of (a) Single-Threaded GEMM versus (b) Batched GEMM on
IBM POWER9 Measured with Perf uncore Events.
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(a) PCP Hardware Events.

(b) Perf uncore Hardware Events.

Figure 5.5: Memory Traffic of Batched, Capped GEMV on POWER9 Measured with (a)
PCP Events versus (b) Perf uncore Events.
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PCP-related nor POWER9-specific phenomenon. Figures 5.5a and 5.5b reinforce the need

to have large-enough problem sizes which consume sufficient time to attain stable, low-noise

measurements; that such a phenomenon is not PCP-specific; and measurements taken via

PCP are as accurate as those taken directly from the Nest counters.

These experiments demonstrate that in order to make meaningful measurements of

memory traffic, there needs to be enough of it taking place, regardless of the measuring

infrastructure, or the target architecture. Quantifying this effect, as we have done here, is

one of the contributions of this chapter and has implications for application developers who

wish to understand the behavior of their memory-bound codes.

5.5 Application: 3D-FFT

Utilizing what we have learned about data movement between processing cores and main

memory as well as the Performance Co-Pilot, we now evaluate the fidelity of the PCP

component’s capabilities to monitor memory traffic of production applications (and without

using multiple kernel repetitions) on Summit. We perform a case study on select data

re-sorting routines in a distributed 3D-FFT [60, 76] executed. The 3D-FFT is a workhorse

kernel utilized by various applications, such as HACC [50], GESTS [91], and QMCPACK [63],

among others. This implementation utilizes both CPU and GPU cores in addition to network

communication. The 3D-FFT is defined as

Ãuvw =
N−1∑
x=0

N−1∑
y=0

N−1∑
z=0

Axyzexp(92πi
wz

N
)exp(92πi

vy

N
)exp(92πi

ux

N
)

(0 ≤ u, v, w ≤ N − 1) (5.6)

where A, Ã ∈ CN×N×N are three-dimensional arrays containing complex double-precision,

floating-point numbers.

This 3D-FFT implementation decomposes the input data array A into a two-dimensional

r × c virtual processor grid with each element in the grid corresponding to a distinct MPI

rank. This means the data array local to a single MPI rank is of size N
r
× N

c
×N . Each MPI
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rank is assigned to a socket (two per compute node) on Summit. Since each socket has its

own Nest, we measure PCP events per MPI rank. The re-sorting routines are as follows:

• store 1st colwise forward (S1CF) • store 2nd colwise forward (S2CF)

• store 1st planewise forward (S1PF) • store 2nd planewise forward (S2PF)

The structure and performance of S1PF and S2PF are similar to those of S1CF and S2CF,

respectively, so we only show the results of S1CF and S2CF.

Figures 5.6-5.9 illustrate the range between the minimum and maximum measurements

(of 50 runs) using a 2-by-4 virtual processor grid. Pursuant to organically measuring a

production application job, we do not use the average of multiple repetitions as we did for

the BLAS benchmarks. Since there is relatively little measurement variation between runs

for large problems, only one run would be necessary.

5.5.1 S1CF

1 #pragma omp parallel for schedule(static)

2 for ( plane = 0; plane < PLANES; plane ++ )

3 for ( row = 0; row < ROWS; row++ )

4 for ( col = 0; col < COLS; col++ )

5 tmp[plane][row][col]

6 = in[plane*ROWS*COLS + row*COLS + col];

Listing 5.5: S1CF, Loop Nest 1

This first loop nest in S1CF copies the contents of the 1D array in into the 3D array

tmp. Since this routine is executed once per MPI rank, in and tmp each contain N
r
× N

c
×

N = PLANES×ROWS×COLS double complex elements, each of which are 16 bytes. Aggregating

across all MPI ranks results in N3 elements copied from the in arrays to the tmp arrays.

As we discussed in Section 5.4, the event measurements from the DGEMM shown in

Figure 5.3b corroborate that a write to memory automatically incurs a read from memory,

as we observe a read for not only matrices A and B, but also C, even though C seemingly

only needs to be written. Therefore, we expect to observe two reads (one for each of in and

tmp) but only one write (for tmp). In Figure 5.6a, we indeed observe one write; however,

we only observe one read instead of two. In the IBM POWER9 architecture, “hardware

may detect Stride-N streams in intervals when they access elements that map to sequential
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(a) S1CF, Loop Nest 1 with No Additional Compiler
Optimizations.

(b) S1CF, Loop Nest 1 with Compiler Optimization
-fprefetch-loop-arrays.

Figure 5.6: Memory Traffic of Loop Nest 1 in S1CF.
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(a) S1CF, Loop Nest 2 with No Additional Compiler
Optimizations.

(b) S1CF, Loop Nest 2 with Compiler Optimization
-fprefetch-loop-arrays.

Figure 5.7: Memory Traffic of Loop Nest 2 in S1CF.
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Figure 5.8: S1CF with No Additional Compiler Optimizations.

110



(a) S2CF with No Additional Compiler Optimizations.

(b) S2CF with Compiler Optimization -fprefetch-loop-
arrays.

Figure 5.9: Memory Traffic of S2CF.
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cache blocks” [IBM Corporation]. In the case of the DGEMM, there was indeed a strided

access—that of the B matrix—for which the hardware has detected a strided data stream.

However, in S1CF, the hardware does not detect a strided data stream because in and tmp

are accessed sequentially (i.e., there is no stride). In the presence of a strided data stream,

the writes to variables will not bypass the cache, so they will be read by the cache. In the

absence of such a stream, the writes indeed bypass the cache.

We can prevent cache-avoidant writes to memory by compiling the application using the

-fprefetch-loop-arrays flag with GCC. This flag provides the two assembly instructions shown

in Lines 2 and 3 in Listing 5.6.

1 tmp[plane][row][col]

2 404: 2c 4a 00 7c dcbt 0,r9

3 408: ec 41 00 7c dcbtst 0,r8

4 = in[plane*ROWS*COLS + row*COLS + col];

Listing 5.6: S1CF, Loop Nest 1 Assembly

The dcbtst instruction enables software prefetching by “[causing] a single-line prefetch

into the L3 cache” [58]. This forces tmp to be read into the cache from memory. In

Figure 5.6b, we observe the effect of this assembly instruction, as there are now two reads:

one for in and also for tmp.

1 #pragma omp parallel for schedule(static)

2 for ( col = 0; col < COLS; col++ )

3 for ( plane = 0; plane < PLANES; plane ++ )

4 for ( row = 0; row < ROWS; row++ )

5 out[col*PLANES*ROWS + plane*ROWS + row]

6 = tmp[plane][row][col];

Listing 5.7: S1CF, Loop Nest 2

This second loop nest copies the contents from the 3D array tmp into the 1D array out.

Accounting for all MPI ranks, N3 elements are copied from the tmp arrays to the out arrays.

Figure 5.7a shows that we measure the expected one write per iteration of the innermost

loop shown in Listing 5.7, but we measure more than the expected reads. Listing 5.7 shows

that tmp is accessed in strides. The dimensions of tmp are ordered as PLANES by ROWS by
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COLS, but the loop nest traverses tmp in order of COLS by PLANES by ROWS. Due to this

asymmetry in how tmp is arranged in memory versus how it is traversed, a stride is present.

As N increases, this stride quickly exceeds the size of a cache line. This means only a single

element per cache line’s worth of contiguous elements in tmp is usable—without an additional

read from memory—unless it can be cached.

When reading an element from tmp, an entire cache line is read. Since tmp is accessed

in strides of PLANES×ROWS, the next element in the cache line is not used until another

PLANES×ROWS elements (and their corresponding cache lines’ worth of data) have been read.

Thus, 4× 16N2

8
bytes are read before the next contiguous element in tmp is used (division by

8 due to there being 8 processes).

Due to the strided access pattern, before the next contiguous element from tmp is read,

an additional PLANES×ROWS elements are read from out (since each write to out incurs a

read in the presence of a stride). These elements’ corresponding cache lines’ worth of data

are read, but since out is accessed sequentially, each element in a cache line is immediately

used. This means out does not consume more of the cache space beyond its PLANES×ROWS

elements. This means that an additional 16N2

8
bytes of data occupy the cache before the two

sequential reads of tmp occur.

The size of the L3 cache is exceeded under the condition:

4× 16×N2

8
+

16×N2

8
= 5× 10242 =⇒ N ≈ 724 (5.7)

For N > 724, an entire cache line must be read per iteration of the innermost loop in

Listing 5.7. Since a cache line is 64 bytes and a double complex element is 16 bytes, then

64
16

= 4 times as many reads must occur in order to supply all of tmp. And since there is one

read per write to out, then we expect to observe up to 5 reads per iteration of the innermost

loop in Listing 5.7 when N > 724.

When we re-compile the second loop nest using the

-fprefetch-loop-arrays compiler flag, there is a significant improvement in performance due

to more effective prefetching, as shown in Figure 5.7b.
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1 #pragma omp parallel for schedule(static)

2 for ( plane = 0; plane < PLANES; plane ++ )

3 for ( row = 0; row < ROWS; row++ )

4 for ( col = 0; col < COLS; col++ )

5 out[col*PLANES*ROWS + plane*ROWS + row]

6 = in[plane*ROWS*COLS + row*COLS + col];

Listing 5.8: S1CF, Combined Loop Nest

Listing 5.8 shows S1CF written as a single loop nest. This new loop nest accesses out

in strides but in sequentially. We expect there to be one write per innermost loop iteration

and two reads: one from in and—due to a strided access pattern—one from out, which is

significantly less reading than we observed in the original S1CF. This is precisely what we

observe in Figure 5.8.

5.5.2 S2CF

1 /* c = cols in virtual proc. grid. */

2 X = COLS/c;

3 Y = c;

4 #pragma omp parallel for schedule(static)

5 for( plane = 0; plane < PLANES; plane++ )

6 for( x = 0; x < X; x++ )

7 for( y = 0; y < Y; y++ )

8 for( row = 0; row < ROWS; row++ )

9 out[plane*X*Y*ROWS + x*Y*ROWS + y*ROWS + row]

10 = in[y*PLANES*X*ROWS + plane*X*ROWS + x*ROWS + row];

Listing 5.9: S2CF

The loop nest in Listing 5.9 copies the contents from the 1D array in into the 1D array

out. Accounting for all MPI ranks, N3 elements are copied from the in arrays to the out

arrays.

In Figure 5.9a, there are as many reads and writes as we expect to observe. Since there

is not a stride present, the stores bypass the cache, as observed in the case of the S1CF

routine. Strictly speaking, S2CF is not completely stride-free because the dimensions of

in are ordered Y by PLANES by X by ROWS, but in is traversed PLANES by X by Y by ROWS.

But since the innermost dimension of the traversal matches the innermost dimension of the

ordering of in, the effect of the stride is amortized.
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For a larger-scale job, of which the results are shown in Figure 5.10, we use 16 compute

nodes on a 4-by-8 virtual processor grid to perform computations on the problem sizes

N = {1344, 2016}. We do not use the -fprefetch-loop-arrays compiler flag for this job. We

expect two reads per write in S1CF and one read per write in S2CF.

5.5.3 Acquiring a Broad View of Application Behavior

In the study presented below, we use PAPI to simultaneously monitor three disparate

performance metrics—GPU power, network traffic, and memory traffic—of a GPU-enabled

application running on a distributed memory machine. The application is a modified version

of the 3D-FFT code we used before, adapted to utilize the GPUs for the 1D-FFT operations.

For our experiment we use 32 compute nodes and a 8-by-8 virtual processor grid. GPU power

and network traffic are measured using the events in Table 5.2. The performance profile for

this experiment is shown in Figure 5.11.

This experiment illustrates the inner workings of the different phases of the 3D-FFT,

which utilize different categories of hardware. The 1D-FFT phases entail host memory

getting copied to the GPU–a large amount of host memory being read; the batch of 1D-

FFT’s executed–a spike in GPU power; and the results getting copied back to the host–a

large amount of host memory being written to. By cross-referencing the memory traffic from

the PAPI PCP component with the GPU power available via the PAPI NVML component,

we observe this progression: a GPU power spike occurs precisely between the transition

from a high volume of host memory reading to a relatively high volume of memory writing.

Furthermore, we observe approximately twice as much memory reading as we do memory

writing during the first and third data re-sorting phases. This agrees with the previous

observations of strided memory accesses incurring a read for every write.
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Figure 5.10: Performance of S1CF and S2CF.
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Figure 5.11: Performance Profile of a Single 3D-FFT Rank.
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Figure 5.12: Performance Profile of a Single QMCPACK Rank.
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Table 5.2: Supplemental Hardware Events

Hardware
PAPI

Component
Hardware Event

NVIDIA Tesla
V100 GPU

nvml
nvml:::Tesla V100−SXM2−16GB:

device 0:power
Mellanox

ConnectX-5 Ex
infiniband

infiniband ::: mlx5 [0|1] 1 ext :
port recv data
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During the second and fourth re-sorting phases, we observe approximately equal amounts

of memory reading and writing. This is once again due to the innermost dimension of the data

traversal matching the innermost dimension of the ordering of data array, which effectively

nullifies the effect the stride that is occasionally present. These two re-sorting phases also

realize higher bandwidth due to better locality in their access patterns. We observe a jump in

network activity as measured via the PAPI Infiniband component during the two “All2All”

phases. Using only hardware events exposed via the various components of PAPI, we are

able to uniquely identify each region of the 3D-FFT’s execution profile. QMCPACK is a

hybrid application which implements various Quantum Monte Carlo (QMC) algorithms to

solve the Schrödinger equation. For more information, please refer to J. Kim et al. [63]. The

example problem [NVIDIA Corporation] used in our QMCPACK experiment (on Summit)

executes the Variational Monte Carlo (VMC) method with no drift, then the VMC method

with drift, and finally, a Diffusion Monte Carlo (DMC) method. Figure 5.12 demonstrates

that the different stages in the execution of QMCPACK are distinguishable by monitoring

separate hardware components simultaneously. Figure 5.11 is qualitatively equivalent to

Figure 5.12, reinforcing the objective of PAPI’s multi-component monitoring capabilities for

more fine-grained insights into applications’ performance running on heterogeneous HPC

systems.

5.6 Conclusions and Future Work

In this chapter, we have shown several examples of measuring memory traffic using

the Performance Co-Pilot. This technology is particularly useful on systems in which

users cannot securely be granted elevated privileges. In such an environment, measuring

application performance remains crucial.

The first major takeaway from the experimental results outlined in this chapter is

that adapting the number of successive executions of performance-critical kernels serves

a technique to accurately measure memory traffic. By measuring repeated executions of a

computational kernel, the noisy memory traffic from other processes gets amortized. Doing

adaptively fewer repetitions for larger problem sizes saves both memory and execution time.
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Unfortunately, our results also highlight the fact that measuring the memory traffic of small

kernels that do not naturally repeat leads to measurements fraught with noise, regardless of

the measuring infrastructure or architecture. Additionally, we observed that memory traffic

measurements from the PAPI PCP component are as accurate as those measured directly

from the perf uncore counters.

Memory traffic measurements taken using PCP are sensitive to micro-architectural

details, such as localized L3 cache slices. It is useful for a performance-conscious programmer

to account for such peculiarities by executing a batch of kernels. In the case of IBM

POWER9, this was done by executing an operation on each available CPU core.

Lastly, we generated profiles of the GPU power, memory traffic, and network traffic for

two distributed applications: the 3D-FFT and QMCPACK. The 3D-FFT case study also

revealed nuanced architectural behavior, such as writing to memory while bypassing the

cache, as well as the GCC compiler’s capability to toggle this feature off. This does show

that the programmer must be conscious of hardware details in order to thoroughly interpret

counter results.

PAPI provides a homogeneous interface to access different counters, allowing program-

mers to simultaneously monitor multiple, orthogonal performance metrics of interest via

a single API. Without this tool, the programmer would be tasked with instrumenting

application code with each performance back-end individually. PAPI is particularly useful

for such hybrid applications as the 3D-FFT and QMCPACK, which utilize multiple types of

processors and other hardware components.

The main focus for future work is to extend these techniques to accurately measure

memory traffic for other BLAS operations in upcoming IBM systems (e.g., POWER10), as

well as other forthcoming architectures. It also will be important to develop programming

techniques to accurately measure other categories of inter-core events than those solely

related to memory traffic.
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Chapter 6

Conclusions and Future Work

6.1 Disclosure

This chapter uses content from three of my published papers [17], [18], and [16] (© 2021

Springer, 2023-2024 IEEE as appropriate):

• Barry, D., Danalis, A., and Jagode, H. (2021). “Effortless Monitoring of

Arithmetic Intensity with PAPI’s Counter Analysis Toolkit.” In Tools for

High Performance Computing 2018 / 2019, pp. 195-218, Cham. Springer International

Publishing, https://doi.org/10.1007/978-3-030-66057-4_11.

• Barry, D., Jagode, H., Danalis, A., and Dongarra, J. (2023). “Memory Traffic

and Complete Application Profiling with PAPI Multi-Component Measure-

ments.” In 2023 IEEE International Parallel and Distributed Processing Symposium

Workshops (IPDPSW), pp. 393-402, https://doi.org/10.1109/IPDPSW59300.

2023.00070.

• Barry, D., Danalis, A., and Dongarra, J. (2024). “Automated Data Analysis for

Defining Performance Metrics from Raw Hardware Events.” In 2024 IEEE

International Parallel and Distributed Processing Symposium Workshops (IPDPSW),

pp. 716-725, https://doi.org/10.1109/IPDPSW63119.2024.00134.
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I am the primary author of these papers. Coauthors for the published papers include Heike

Jagode, Anthony Danalis, and Jack Dongarra. Reused coauthor contributions are limited

to aid in the development of the branching and instruction cache benchmarks, the ideas

of problem repetitions (shown in Section 3.5.1), rounding (shown in Section 4.6), and the

capped GEMV (shown in Section 5.3.1), textual improvements, and high-level guidance.

6.2 Conclusions

Performance analysis serves as a crucial tool for understanding and improving the execution

of applications on HPC systems. Monitoring hardware events, which track low-level hardware

operations, and aggregating their occurrences provides us with some of the most useful

metrics for performance analysis.

However, there are challenges with defining performance metrics using hardware events.

One challenge is determining which hardware events (among those present on the target

architecture) comprise a given performance metric. This issue is compounded by the vast

numbers of hardware events in modern architectures. Even if the specific hardware events

needed to define a performance metric are known, then there persists the secondary challenge

of deducing how to properly scale and combine them. Furthermore, from one architecture to

another, the specific hardware-event combinations tend to vary greatly. The research efforts

in this dissertation mitigate these issues.

Chapter 3 outlined the Counter Analysis Toolkit and showed how it can be used to

identify which hardware events belong to which hardware attributes (e.g., data caches,

instruction caches, branching units, and floating-point units), as well as which hardware

events are best suited for measuring traffic to main memory. Chapter 3 also demonstrates

that the arithmetic intensity of three important BLAS operations (DOT, GEMV, GEMM)

can be computed on three different architectures (Intel Broadwell, Intel Skylake, IBM

POWER9) via measuring hardware events and explained how PAPI’s Performance Co-

Pilot (PCP) component allows users to monitor memory traffic in the absence of elevated

privileges. Finally, this chapter provides a study on the reliability of the PCP measurements
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and explained how the noise and overhead in the measurements can be mitigated, even for

small kernels that do not perform enough operations to amortize the noise on their own.

Chapter 4 introduced a mathematical analysis to automatically parse through thousands

of hardware events and identify those most pertinent to specific hardware attributes. This

analysis operates on the data output from the CAT benchmarks run on the Intel Sapphire

Rapids CPU and the AMD MI250X GPU architectures. This chapter demonstrates that

this analysis is applicable to CPU branching units, memory subsystem, and both CPU and

GPU floating-point units.

The high noise levels in hardware events measurements are addressed by collecting

multiple measurements for the same event and quantifying the run-to-run variability among

the set of measurements using the maximum RNMSE. Hardware events with a high

variability are disregarded for further analysis. Additionally, the specialized QR factorization

scheme allows us to account for low levels of measurement noise, which is often present in

practical hardware event monitoring.

Chapter 4 also established a scheme for pivoting in the QR factorization that chooses the

hardware events that most strongly correlate to the hardware attributes exercised by the CAT

benchmarks. After selecting the best linearly independent hardware events, least squares

provides correct and meaningful linear combinations of hardware events for the desired

performance metrics. The least squares error indicates how well the linear combination

approximates the performance metric. This is useful because it indicates when performance

metric cannot be defined using hardware events on a given architecture.

Chapter 5 showed several examples of measuring memory traffic accurately using the

Performance Co-Pilot. This is useful because it quantifies the amount of memory traffic

needed in order for the measurements to be accurate. The insights gained from these studies

are critical for systems in which users do not have the elevated privileges needed to monitor

memory traffic via conventional methods.

The experiments in Chapter 4 show how performance analysts can amortize noise to

more accurately measure memory traffic by adapting the number of successive executions

of performance-critical kernels. Furthermore, using adaptively fewer repetitions for larger

problem sizes saves both memory and execution time. Regardless of the measuring
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infrastructure, these results reiterate that memory traffic measurements of small kernels

that execute quickly are susceptible to high levels of measurement noise. Significantly,

the memory traffic measurements from PCP are as accurate as those measured using the

perf uncore counters directly.

Chapter 5 shows generated profiles of the GPU power, memory traffic, and network traffic

for two distributed applications: the 3D-FFT and QMCPACK. The 3D-FFT case study also

revealed nuanced architectural behavior, such as writing to memory while bypassing the

cache, as well as the GCC compiler’s capability to toggle this feature off.

The studies in Chapter 5 also serve as a framework for validating the functionality

and accuracy of the various components provided by PAPI, which provides a homogeneous

interface to access the counters across the heterogeneous hardware components utilized by

HPC applications.

6.3 Future Work

6.3.1 Accelerating Benchmarking

For the purposes of more time-efficient benchmarking, future work will entail exploiting the

ability of the hardware counters to monitor multiple events simultaneously. This contrasts

with the current strategy (Chapter 3), wherein the benchmarks monitor one event per

kernel execution. This poses a challenge because different hardware events occupy varying

numbers of registers. However, minimizing the number of kernel executions would lower

the execution time. Another strategy to accelerate the benchmarking process would be to

monitor hardware events in the manner of one-per-core, using all available compute cores

simultaneously. This would require knowing a priori which events are strictly related to

compute core resources (as opposed to shared resources, such as caches), which are not

influenced by activity on other cores. Future work also will focus on benchmarking for the

hardware subsystems in GPUs that are shared among the compute cores. This extends the

work in this dissertation that focuses on benchmarking the shared resources within CPUs,

in addition to both the CPU and GPU compute cores.
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6.3.2 Refining Automated Analysis

Future work pertaining to the automated analysis of hardware event data (from Chapter 4)

will entail methods to develop different measures to quantify hardware event noise and more

rigorously select noise suppression thresholds. Exploring alternative pivoting criteria for the

specialized QR factorization scheme could also prove beneficial. Another useful direction

would be to develop methods for automatically defining performance metrics that are non-

linear combinations of hardware events (e.g., arithmetic intensity).

6.3.3 Expanding Inter-core Measurement Techniques

The main focus for the future work in benchmarking methods for the inter-core events is to

extend the techniques from Chapter 5 to accurately measure memory traffic for other BLAS

operations in upcoming systems, which employ event-monitoring infrastructure similar to the

Performance Co-Pilot, as well as other forthcoming infrastructures. It also will be important

to develop programming techniques to accurately measure other categories of inter-core

events than those solely related to memory traffic.
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