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Abstract

Graphical Processing Units (GPUs) provide over 95% of the compute performance of GPU-accelerated supercomputers such as
the Summit system at Oak Ridge National Laboratory. Forthcoming supercomputers such as Frontier and Aurora will also be
GPU accelerated, able to execute over a quintillion (1018) instructions per second. On such architectures, programs need to offload
nearly all of their computation onto GPUs for top performance. That is an unfamiliar process for application developers and
supercomputers could end up largely underutilized since optimization of applications for such a large scale presents an extremely
hard task. To address this challenge, performance tools are used to collect execution-based data, associate them to code origin
and find out performance bottlenecks. In this paper, we describe newly added features to the HPCToolkit performance tool that
includes support for OpenCL, scalable tracing, GPU hardware performance counters, and GPU idleness analysis. Development of
such features for performance tools requires deep integration with vendor runtime environments, tool frameworks, programming
models, and applications. How this interaction should be done, and what standard should be followed is not uniquely defined.
Here, we advocate for creating a transparent set of invariants for each piece of the infrastructure, to make development easier and
robust. As a motivation, we describe the set of problems and solutions we faced during development, to identify requirements and
necessary APIs needed from performance tools.

1. Introduction

Computation has become an integral tool for science, medicine
engineering, and national security. Each of these fields relies
strongly on scientific simulations and the processing of an enor-
mous amount of data to model complex processes from super-5

novae explosion to drug discovery. As computer systems be-
come large and more powerful, they enabled researchers to cre-
ate more detailed models and run larger experiments, which led
to more breakthroughs in each of these fields.

Demands for extreme-scale computations have motivated10

GPU-accelerated computing because it can deliver significantly
higher node performance, which makes systems cost-effective.
The current fastest supercomputer in the US - Summit, has 6
GPUs on each node and performs more than 95% of compu-
tations on them. According to the reports from the Exascale15

Computing Project (ECP), [1], forthcoming exascale supercom-
puters will all be accelerated with GPUs as well. These systems
will have several thousand nodes that will be capable of execut-
ing a quintillion (1018) instructions per second; however they
could end up underutilized since optimization of complex ap-20

plications on large-scale is hard task.
Large-scale applications that run on supercomputers usu-

ally use interprocess communication, shared memory access,
atomic primitives, concurrent data structures, GPU offloading,
and synchronization which introduces a high level of complex-25

ity to program optimization. To optimize such applications,
new programming models arose that enable some level of tun-
ing and compiler directives. For multiprocessing, OpenMP uses

pragmas to guide parallelization across multiple threads. For
GPU programming CUDA [2] and OpenCL [3] have parame-30

ters for kernel size, while higher-level programming abstrac-
tions such as Kokkos [4], Raja [5] and SYCL [6] have paral-
lel for, reduction and other primitives with optimized imple-
mentations for commonly used patterns. Nevertheless, to write
an optimized code programmers need to measure its perfor-35

mance, understand what caused performance problems, and how
to fix them. This is done with performance tools.

Performance tools guide the optimization of user applica-
tions by monitoring the execution of the program and present-
ing performance data. Some performance tools like GPU Advi-40

sor [7] additionally, provide a set of optimizations and an esti-
mate of their speedup. The 2020 report from the Department of
Energy (DOE) [8] describes the state of the art tools and frame-
works for optimizing large scale applications. To monitor the
execution, performance tools use sampling and instrumentation45

to collect performance data and attribute them to their code ori-
gin.

Sampling is achieved by interrupting the execution and col-
lecting data about the program counter, which tells us where
we interrupted the program. Additionally, we can read hard-50

ware counters that can be set to count some predefined system
events such as cache misses or data movement. By collecting
this information we can reason about program behavior in terms
of where is the program spending the most of the time, and
what could be the reason for that. Sampling-based techniques55

usually introduce small overhead, and since we can dictate the
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frequency of sampling it is possible to tune the ratio between
precision and overhead.

Instrumentation-based techniques, on the other hand, pro-
vide a callback mechanism or counter increment every time a60

particular function is being called. Once we take over the con-
trol, we can collect time or some other system metrics which we
can attribute to the given function. In contrast to sampling tech-
niques, instrumentation enables us to collect data completely
focused on the functions that we are interested in. Since we usu-65

ally want to monitor the functions that introduce performance
bottlenecks, and we cannot control the frequency of function
calls, instrumentation generally adds get higher overhead.

As we collect metrics with sampling or instrumentation, we
need to find a way to attribute recorded values to the source70

code. Modern profiling tools such as [9, 10, 11, 12, 13, 14, 15,
16] associate metrics directly to the function names, but often
it is hard to understand why the bottleneck function is called
too often and what created performance problem. To solve this
problem, HPCToolkit [17] uses callstack unwinding to recover75

the chain of function calls for every sample. This way it is
possible to locate hot paths which give us a better understanding
of why the performance problem happened in the first place.

Besides associating performance metrics to the source code
which is referred to as profile view, it is beneficial to order sam-80

ples in timeline fashion which is known as trace view. Trace
view provides a convenient visual representation that shows,
each thread on the y-axis and their activity for each point in
time on the x-axis. These activities could include not only what
function executed at a certain time interval, but also arithmetic85

unit utilization, memory allocation, or any other system-wide
metric. With this information, it is easy to see performance
problems such as load imbalance, memory leakage, or power
consumption. For applications accelerated with GPUs, trace
view shows valuable information about CPU-GPU interaction,90

uncovers synchronization problems, and underutilization prob-
lems.

To work properly performance tools face the following chal-
lenges:

• Deciding what functions to watch95

• Wrapping functions of interest

• Relying on incompletely documented vendor APIs

• Precisely attributing metrics

• Interaction between application, tool, and runtime

• Minimizing overhead and disturbance to application100

• Supporting distributed execution

In this paper, we describe the development of performance
tools and describe the interaction between performance tools
and vendor infrastructure. Since each has their invariants which
can be in conflict, careful engineering and coordination between105

teams are necessary to make performance monitoring work.
This paper is organized as follows. Section 2 describes APIs

for collecting performance metrics on Nvidia, AMD and Intel

GPUs. Section 3 describes the high-level structure of HPC-
Toolkit, a performance tool capable of recording GPU metrics.110

Section 4 discusses the implementation of HPCToolkit GPU
tracing infrastructure and elaborates on newly added features.
Section 5 introduces the GPU blame-shifting approach, in trace
analysis. Section 6 describes problems and solutions arising
from an interaction between performance tools and vendor in-115

frastructures and elaborates on invariants that need to be main-
tained to make performance tools work. Finally, section 7 sum-
marizes the contribution of this research project and describes
lessons learned during the development process.

2. Performance Measurement Infrastructure on GPUs120

In recent years, vendors have developed proprietary APIs
for monitoring their GPU activities. In this section, we describe
performance APIs for tracing Nvidia, AMD, and Intel GPUs,
and best practices for their use. Besides proprietary APIs, there125

are also vendor-independent tools such as PAPI, that provide
unique APIs for collecting metrics from performance counters
on all mentioned GPUs.

2.1. Nvidia

Nvidia developed the CUPTI API [18] which provides an130

instrumentation layer through subscriber callback, which inter-
cepts every kernel launch on GPU. Besides this, CUPTI pro-
vides a completion callback, that reports GPU activities by send-
ing them to the CPU in a batch fashion. Once records are
delivered to the CPU, the user can process collected data and135

attribute them to code. As one more special feature, Nvidia
added fine-grained measurement on GPU by using Program
Counter(PC) sampling that enables collection of stall reason of
threads on GPU.

2.2. AMD140

AMD developed Rocm API that resembles Nvidia CUPTI
API with limited capabilities. At this point, Rocm consists of
ROCProfiler and ROCTracer libraries. ROCProfiler library pro-
vides the methods to open/close profiling context, to start, stop
and read HW performance counters and traces, to intercept ker-145

nel dispatches to collect per-kernel profiling data [19]. ROC-
Tracer provides subscriber and completion callback functional-
ities described above, while PC sampling is under development.

2.3. Intel - OpenCl

Intel uses Level Zero API [20] and GT-Pin [21] to provide150

callback API to instrument kernel launch and collect fine-grain
instruction-level measurement. Level Zero is designed to sup-
port direct access to the lowest level metric for any accelerator
type such as GPU, FPGAs, and TPUs. Level zero API should
provide APIs for tracing, collecting performance metrics, pro-155

gram instrumentation, and program debugging.
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Figure 1: HPCToolkit’s workflow for analysis of GPU-accelerated applications.

2.4. The PAPI

Performance Application Programming Interface (PAPI) [22]
is the University of Tennessee’s vendor-independent API for
collecting the metrics from performance counters across the160

entire computing system (eg. CPUs, GPUs, on/off-chip mem-
ory, interconnects, I/O system, energy/power). For CPUs, PAPI
returns a callback when a certain threshold is reached for the
specified CPU event or it can use start/stop commands to mea-
sure the value of performance counters for code that executes165

between two.
For GPU, PAPI first groups events to event sets that are

measured in parallel on the GPU. Conveniently, we can use
again the same start/stop functionality to turn on the monitoring
around kernels we are interested in. Additionally, PAPI can use170

read functionalities to access the current values of the counters.
On Nvidia GPUs PAPI collects per kernel metrics, enforc-

ing serialization. On AMD GPUs PAPI can read asynchronously
counter values for the GPU for a particular point in time and if
we want to get per kernel metric, we need to enforce serial-175

ization ourselves. On Intel GPUs, both kernel-mode and time-
mode are supported independently.

3. HPCToolkit Overview

In this section, we provide a brief overview of the high-level180

infrastructure for Rice University’s HPCToolkit, which is de-
scribed in detail in the manuscript under review [23]. Figure 1
shows HPCToolkit’s workflow to analyze programs running on
GPUs. HPCToolkit’s hpcrun measurement tool collects GPU
performance metrics using profiling APIs from GPU vendors185

or custom hooks with LD PRELOAD.
hpcrun can measure programs that employ one or more GPU

programming models, including OpenMP [24], OpenACC [25],
CUDA [2], HIP [26], OpenCL [27], and DPC++ [28]. As GPU
binaries are loaded into memory, hpcrun records them for later190

analysis. For GPUs that provide APIs for fine-grained measure-
ment, hpcrun can collect instruction-level characterizations of
GPU kernels using hardware support for sampling or binary in-
strumentation. hpcrun’s output includes profiles and optionally
traces. Each profile contains a calling context tree in which each195

node is associated with a set of metrics. Each trace file contains

a sequence of events on a CPU thread or a GPU stream with
their timestamps.

hpcstruct analyzes CPU and GPU binaries to recover static
information about procedures, inlined functions, loop nests, and200

source lines. There are two aspects to this analysis: (1) re-
covering information about line mappings and inlining from
compiler-recorded information in binaries, and (2) analyzing
machine code to recover information about loops.

hpcprof and hpcprof-mpi correlate performance metrics205

for GPU-accelerated code with program structure. hpcprof
employs a multithreaded streaming aggregation algorithm to
quickly aggregate profiles, reconstruct a global calling con-
text tree, and relate measurements associated with machine in-
structions back to CPU and GPU source code. To acceler-210

ate the analysis of performance data from extreme-scale exe-
cutions, hpcprof-mpi additionally employs distributed-memory
parallelism for greater scalability. Both hpcprof and hpcprof-
mpi write sparse representations of their analysis results in a
database.215

Finally, hpcviewer interprets and visualizes the database. In
its profile view, hpcviewer presents a heterogenous calling con-
text tree that spans both CPU and GPU contexts, annotated with
measured or derived metrics to help users assess code perfor-
mance and identify bottlenecks. In its trace view, hpcviewer220

identifies each CPU or GPU trace line with a tuple of meta-
data about the hardware (e.g., node, core, GPU) and software
constructs (e.g., rank, thread, GPU stream) associated with the
trace. Automated analysis of traces can attribute GPU idleness
to CPU code.225

4. GPU Tracing Infrastructure

In HPCToolkit the process of collecting GPU data could be
described in three steps:

1. Intercepting GPU invocation launch and unwinding CPU230

callstack
2. Collecting and processing GPU performance metrics as-

sociated with invocation
3. Attribute GPU metrics to invocation CPU callstack

These three steps are achieved with the interaction between235

application threads, monitor thread, and tracing threads shown
in Figure 2. Threads exchange data through bidirectional sin-
gle producer single consumer, wait-free, channels described in
[29]. Application threads are responsible for unwinding CPU
callstack and attribution of GPU metrics to it (steps 1, 3). The240

monitor thread is responsible for getting GPU activities from
profiling APIs, processing obtained data and sending data to
the application, and tracing threads for recording.

When an application thread performs an invocation I of a
GPU operation (e.g., a kernel or a data copy), hpcrun gets sub-245

scriber callback before and after the invocation launch on GPU.
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Figure 2: HPCToolkit’s infrastructure for coordinating application threads, monitor thread, and tracing threads.

The operations in subscriber callback consist of the follow-
ing actions:

• Updating calling context tree with GPU activity record
from the previous invocation (step 3)250

• Unwinding the application thread’s call stack to deter-
mine the CPU calling context of I and inserting a place-
holder P in callstack representing the GPU I type (eg.
sync, copy, kernel) (step 1)

• Creating correlation id cid that uniquely defines invoca-255

tion I and sending it to monitoring thread

• Recording current time as invocation submit time tsu

• Creating one activity channel CA for the current thread

• Sending cid, P, tsu and CA to the monitor thread

• Optionally, turning on/off instrumentation using APIs260

such as PAPI

Once subscriber callback is executed, GPU operation is
submitted to the launching queue and it will be executed on
the GPU. During execution vendor APIs record GPU activi-
ties and send them to a performance tool for further process-265

ing. In the case of CUPTI and Rocm, GPU activities are asyn-
chronously logged in vendor activity buffer and when the buffer
is full, completion callback is triggered which allows perfor-
mance tools to read GPU activities. Completion callback is ex-
ecuted from the monitor thread which is created from CUPTI270

and Rocm. In the case of OpenCL, each GPU activity triggers
a callback to one application thread that needs to send data to
the monitor thread created by the HPCToolkit. This is done
through operation channels which transmit information about
GPU activity and pointer to activity channel associated to the275

application thread where it should be attributed.
Every time the GPU monitor thread receives a buffer com-

pletion callback, it drains vendor activity buffer or operation

channels and processes received GPU activities. The GPU
monitor thread matches each GPU activity A, tagged with280

its correlation id cid, with its associated operation tuple (cid,
P,CA). The monitor thread enqueues a pair (A,P) into activ-
ity channel CA to attribute the GPU activity back to CPU-GPU
calling context of launching thread T .

When tracing is enabled, the monitor thread separates GPU285

activities by their associated stream and sends each stream of
activities to a tracing thread. Each tracing thread records one or
more GPU streams of activities and their timestamps into trace
files. For efficient inter-thread communication, HPCToolkit
uses bidirectional channels, each consisting of a pair of wait-290

free single-producer and single-consumer queues [30]. The pre-
cise instantiation of HPCToolkit’s monitoring infrastructure is
tailored to each GPU vendor’s software for monitoring GPU
computations.

4.1. Support for OpenCL Metrics Attribution295

When using OpenCL and Level Zero, depending upon the
GPU operation invoked, either an application thread or a run-
time thread will receive a completion callback providing mea-
surement data. At each GPU API invocation I by an applica-300

tion thread T , hpcrun provides a user data parameter [31],
which includes a placeholder node P for the invocation I) and
T ’s activity channel CA. The OpenCL or Level Zero runtime
will pass user data to the completion callback associated with
I.305

At each completion callback, some thread receives mea-
surement data about a GPU activity A. Using information
from its user data argument, the completion callback cor-
relates A with placeholder P and then enqueues an operation
of (A,P,CA) for the monitor thread in its operation channel310

CO. The monitor thread enqueues an (A,P) pair in T ’s activity
channel CA.

If the thread receiving the callback enqueued (A,P) pairs
directly into T ’s activity channel CA, CA would need to be a
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(a) Running time of the experiment
(b) Trace view of application with 3-contexts-80-streams and 1 tracing thread

Figure 3: Tracing performance for multi-contexts-multi-streams-application on gpu.cs.rice.edu x86 64 arch, 76 cores

multi-producer queue since more than one thread may receive315

completion callbacks for T . To make the design simpler, we
replace the need for a multi-producer queue for each CA with
processing callback data with monitor thread, creating just one
wait-free multi-producer queue between callback threads and
monitor thread, which we call operation multiplexer.320

Operation multiplexer is an array of pointers to bidirec-
tional wait-free channels. When the first thread gets a com-
pletion callback, it creates a shared array of pointers and initial-
izes atomic variable operation channels count to zero, which
tells how many channels are registered. At this point, the call-325

back thread creates a monitor thread that can access the array
of pointers. To register a channel each thread increments an
atomic variable and saves unique channel id which it uses for
sending data to the queue. To read from operation multiplexer,
monitor thread spins on channels with channel id less than op-330

eration channels count.

4.2. Support for Scalable Tracing

When tracing is enabled, the monitor thread checks the
GPU stream id S of each GPU activity and enqueues the activ-
ity and its placeholder P into a trace channel for S. In the pre-335

vious implementation, a new thread was created for each trace
channel. Since some GPU applications could have hundreds of
streams, we would create hundreds of tracing threads, which
would create high memory footprint and sometimes wouldn’t
be allowed by execution policy.340

To overcome this problem, we created a single-producer
multi-consumer data structure called trace demultiplexer that
enables tracing of custom number of streams from a tracing
thread. The first time the monitor encounters GPU tracing data,
it associates stream id with it, allocates the set of user-defined345

number trace channels, and creates a tracing thread that period-
ically polls a set of channels and writes them in trace files. For
each new stream, we add a new channel to the channel set in a
similar way like in operation multiplexer. Channel sets are con-
nected with a linked list, and tracing threads are created only350

when previous channel sets are fully utilized. This approach
enables us to monitor applications with an unlimited number of
GPU streams.

To determine what is the best number of streams per thread,
we run a multi-context multi-streams application with a vari-355

able number of contexts (from 1 to 3) and streams (from 20
to 80) and monitor the wall-clock time of the execution. The
experiment was executed on 2 socket Power9 with 72 cores in
total and results are shown in Figure 3.

In each experiment, we fix the number of GPU streams360

in the application and monitor the execution time for differ-
ent values of the control knob (number of streams per thread)
ranging from 1 to 128. From Figure 3a, we can see that
the execution time stays the same, not depending on the
number of streams per thread and therefore number of tracing365

threads. To get more insight we used Oracle Performance Ana-
lyzer [32] to show the activity of tracing threads.

Figure 3b shows the trace view and of the application
with 3 contexts and 80 streams (total 240 streams) and num-
ber of streams per thread set to 256. Even in this scenario, just370

one tracing thread (marked in the figure), is capable of han-
dling all streams. The reason for this is that GPU activities
are delivered in batch to monitoring thread which sends data to
the tracing thread. Base on this, we set default value of num-
ber of streams per thread to 256.375

4.3. Support for Measuring Performance with Hardware
Counters

HPCToolkit uses hardware performance counters to observe
how an application interacts with a compute node. On the380

CPU, HPCToolkit accesses hardware counters using the Linux
perf event interface [33] and uses asynchronous sampling to
collect a call path each time a hardware counter reaches a spec-
ified threshold. With appropriately chosen event thresholds,
such measurement has a low overhead.385
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Figure 4: Hardware counters metric for AMD GPU for Rocm::GRBM COUNT:device=0 Tie High Count number of clocks

To measure GPU performance with hardware performance
counters, HPCToolkit uses the University of Tennessee’s PAPI
as a vendor-independent interface to hardware performance
counters. PAPI has emerging support for using hardware coun-
ters on NVIDIA, AMD, and Intel GPUs. GPUs typically sup-390

port the order of 100 hardware counters that characterize var-
ious aspects of functional unit utilization, device utilization,
memory hierarchy activity, and more.

To associate hardware counter measurements with GPU
kernels, existing APIs require reading data from counters be-395

fore and after kernel execution in subscriber callback. Accurate
attribution of hardware performance metrics to kernels requires
kernel serialization. The synchronization needed to enforce se-
rialization in an application that employs asynchronous kernels
and concurrent kernel execution may slow an application pro-400

gram under study.
HPCToolkit associates performance counter metrics with

calling context tree and presented in the profile view
in HPCViewer in Figure 4. In this example, we
were collecting the number of clocks with PAPI event405

Rocm:GRBM COUNT:device=0 for AMD GPU. For this ap-
plication, we can see that 94.7% were spent in the loop at Floy-
dWarshall.cpp on line 373 where 62.6% were spent on line 387
and 32% were spent on line 378.

5. Analysis of GPU accelerated applications410

HPCToolkit’s trace viewer provides a time-centric user in-
terface for the interactive examination of a sample-based time
series (hereafter referred to as a trace) view of program execu-
tion. It is designed to interactively present traces of large-scale
execution across both CPUs and GPUs, relating activity to both415

hardware contexts (eg. nodes, GPUs, cores) and software con-
texts (e.g., MPI ranks, threads, GPU contexts, and streams).

As shown in Figure 5, the trace viewer’s main pane shows
〈profile, time〉 dimensions, for each available call-stack depth.
By changing call-stack depth, a user can change the granularity420

of trace lines, and gain insight into execution at different levels
of abstraction. For the routine pointed by the cursor, functions
from the call stack are listed on the right to the main pane. Each
routine is uniquely identified with a specific color, while idle
activity is assigned the color white.425

The trace viewer’s Statistic and GPU Idleness Blame tabs
analyze the information in traces and offer some high-level

characterizations of what the traces show. The Statistic tab cal-
culates the percentage of the area occupied by each routine in
the main pane and lists routines in descending order according430

to their percentage of the area. The GPU Idleness Blame tab
employs blame analysis in an attempt to help application de-
velopers understand the causes of GPU idleness. To do so, it
identifies times when all GPU streams are idle and at least one
CPU thread is active. In such cases, it partitions the cost of GPU435

idleness among routines being executed by active CPU threads.
The GPU Idleness Blame tab then presents normalized blame
associated with each CPU function is sorted in descending or-
der. CPU routines associated with high GPU idleness may be
candidates for optimization.440

5.1. GPU Blame shifting analysis

Figure 5 shows the trace view of the VectorAdd ap-
plication on 8 CPU threads and 8 GPU streams. In this
application the most of the time CPU spends in functions
marked with braon(cuMemcpyDtoHAsync, 20.15%) and green445

(cuMemFree v2, 10.69%) on the lowest level. Optimizing
these functions wouldn’t be beneficial since the application
wouldn’t finish until the GPU part is done. On the other hand,
GPU blame analysis points to functions cuMemAlloc v2 and
gomp team start which cause the most of idleness on GPU and450

their optimization would provide the most benefit. If we want
to see what upper-level functions are responsible for GPU idle-
ness blame, it is enough to change stack depth.

GPU blame analysis is based on counting pixels, that HPC-
Toolkit draws from sampling CPU in real-time or from recon-455

structing intervals from GPU activities. Since all CPU samples
describe just points in time, we have no information about what
happened between the two samples, and we have to approxi-
mate them. Currently, HPCToolkit paints the space between an
interval with the color of one endpoint. To increase precision460

we can increase the frequency of the sampling or we can use
tools like perfmon which records the intervals when a thread
is blocking or unblocking rather than just collecting points in
time.

5.2. Nyx case study465

Figure 6 shows a trace view of Nyx executing on Summit
using 640 streams across 128 GPUs. The trace view shows
that this execution consists of five phases. Phase 1 (0-10s)

6



Figure 5: Application VectorAdd (8 CPU threads, 8 GPU streams)

Figure 6: Nyx’ trace view running across 22 nodes using 640 GPU streams and 128 processes.

corresponds to an initialization phase with little GPU activ-
ity. Phase 2 (10-13s) includes initialization of particle and dark470

matter data (shown in green) and calculation of gravity (shown
in grey). Phases 3, 4, and 5 (13-20.6s) illustrate the same pat-
tern that consists of the hydrodynamic (shown in magenta) and
gravity calculations (shown in brown).

For each phase, we employed blame analysis to understand475

why GPUs are idle. In the first phase, 58.01% of idleness is
caused by a call to cuCtxSynchronize, which synchronizes
all streams on the GPU. Because only a single stream is used
in this phase and a synchronized memory copy always follows
the call to cuCtxSynchronize, we can safely remove the syn-480

chronization call and reduce the running time by 0.6s.
In the second phase, we easily identified that the major

cause of idleness is JIT compilation at runtime. By providing
the specific GPU architecture flag to the compiler and recompil-

ing the program, we reduced the running time by 0.2s with this485

single optimization. In the following three phases, we iden-
tified that idleness is caused by calls to MPI Waitall, which
suggests that there maybe opportunities for improving perfor-
mance by optimizing communication.

For the GPU intensive part of the application (10-20.6s),490

the insights provided by blame-shifting analysis reduced the
GPU running time of Nyx from 10.6s to 9.8s, achieving a 1.08×
speedup with 640 GPU streams. While the problems and im-
provements that we describe here are small, the important part
is that HPCToolkit provides developers insights to identify even495

small problems.
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6. Tooling requirements

In this section, we discuss problems in developing perfor-
mance tools and best practices we derived during development.500

Performance tools must interact with complex infrastructure
from vendor software stack and application runtimes without
changing its behavior. Since many different teams are working
on each of these parts at the same time and thinking from dif-
ferent perspectives, defining the set of invariants is paramount.505

The initial set of invariants for HPCToolkit:

• HPCToolkit will be initialized as soon as a thread is cre-
ated or right before the call to the main

• HPCToolkit expects to be informed about all system calls

• HPCToolkit doesn’t monitor vendor infrastructure not ac-510

cessible to the user

During our development, we needed to understand and relax
our invariants in some cases and require other interacting tools
to relax their invariants as well. For instance, vendor libraries
could create threads too early during execution, and tracing that515

thread could be difficult for the tools. Instrumentation of func-
tion calls through LD PRELOAD, doesn’t work if the function
called through function pointer obtain by using dlopen and dl-
sym. In the next subsections, we describe a set of problems and
solutions that we faced during development.520

6.1. Failing to observe the creation of a thread

For one application that uses HPE’s SGI MPI library, we
observed a segmentation fault, because we were trying to deal-
locate the tool data of the thread we never observed being cre-
ated. This happened in the finalization step when we were free-525

ing memory and we assumed that we were able to monitor all
system calls during the execution. Since our first invariant was
wrong, we needed to relax it and gracefully handle everything
we overlooked. Now let’s see why this problem happened.

To be able to monitor an application, HPCToolkit uses530

libmonitor to intercept the creation threads, processes, and
system calls with LD PRELOAD when dynamic linking is
used. Libmonitor preloads a shared library libmonitor.so that
overrides the application calls to libc start main, exit, fork,
pthread create, and uses dlopen to find the real versions of these535

functions. This way, each time a thread or process is created
through these calls, we are able to use the callback functions
monitor init process() and monitor init thread(), to turn on
profiling and monitor fini process() and monitor fini thread()
to turn it off. In this case, libmonitor separates the job of hook-540

ing the application program from the profiling tasks.
Unfortunately, LD PRELOAD is not able to intercept the

calls when dlopen and dlsym are used to call the procedure
through the pointer. HPE’s SGI MPI obtains a pointer to
pthread create using dlsym and calls it through a function545

pointer. Similarly, UCX does this with sigaction. This approach
enables an application to enter critical functions without pass-
ing through wrappers introduced by a performance tool.

One way to handle this situation is to establish a convention
that calls such as pthread create and system calls are always550

called directly, and not through dlopen and dlsym.
We also experimented with using Gotcha, which has a

mechanism that can be used to intercept pthread create, but
needs to be initialized before any thread is created. Since,
LD PRELOAD cannot observe every thread creating, we can-555

not reliably initialize Gotcha before all threads, and we have the
same problem.

This problem may be solved with a careful wrapping
of LD PRELOAD around dlsym and detecting the call to
pthread create. However, this approach is error-prone, and the560

best way to solve this problem is to use the LD AUDIT layer
which should be able to guarantee that we cannot miss such
events.

LD AUDIT is Glibc’s monitoring layer designed to pro-
vide an interface for tools to observe operations performed by565

the dynamic linker such as library lookup and symbol resolu-
tion. To employ the auditing interface, the environment variable
LD AUDIT must be defined to contain a colon-separated list of
shared libraries, each of which can implement the auditing API.
When an auditable event occurs, the corresponding function is570

invoked in each library, in the order that the libraries are listed.
From our experience, the auditor has a significant bug that

requires fixes. We found that when dlmopen is used to open a
library in the new namespace, which crashes the auditor and the
only way to fix it is to use dlopen instead. If you tell the linker to575

bind now, the audit library la symbind() isn’t called. On some
versions of Linux, Glibc adds the overhead of about 10x for
auditing every PLT calls for small procedures, even when PLT
auditing is off. Glibc incorrectly saves registers when auditing
on aarch64 ARM architecture. These bugs are documented on580

[34] and we are working with the RedHat team on their reso-
lution. Although LD AUDIT seems unstable at the moment, it
is the best way to enable performance tools to monitor system
calls.

6.2. Escaping monitoring ourselves585

To be successful, performance tools need to monitor and
present only performance data associated with the application
only. This task can be challenging since it is not enough to
ignore threads created by our tool, but also all other threads
created by any performance API that we are using. Otherwise,590

we would present the performance data of the infrastructure that
the user cannot change. Although such transparency could be
beneficial for learning about the system, it is usually not for
optimizing the application. We can get a deadlock if we monitor
threads that are writing performance data to the files since their595

activity will create new performance data all the time.
To avoid this, HPCToolkit uses a mechanism to avoid mon-

itoring for all threads created from libraries that contain pre-
defined functions by using module ignore map data structure.
This data structure enables us to check if the thread that is600

being created, belongs to a blacklisted library and to ignore
it if this is true. By using this approach we ignore all li-
braries that contain cuLaunchKernel, cuptiActivityEnable, roc-
tracer set properties, hsa init, etc.
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6.3. Delaying initialization until the clean point605

HPCToolkit used to perform one complete initialization the
first time a thread is created or the main function is reached.
This turns out to be a problem since the creation of a thread
could happen at an unstable point when the runtime is not fully
initialized. In our case, Rocm was spawning a thread during the610

initialization of hsa init while holding a lock. Libmonitor inter-
cepted thread creation and HPCToolkit started complete initial-
ization and ended up in a deadlock. It turned out that HPC-
Toolkit started the initialization of the PAPI library that called
hsa init as well to initialize their Rocm component waiting for615

the same lock.
Formally speaking, the problem happened because AMD’s

invariant that nobody should intercept their initialization while
holding a lock was broken by HPCToolkit. To fix this, we de-
signed a two-step initialization that postpones the critical part620

of HPCToolkit’s initialization until the stable point. The current
HPCToolkit initialization consists of two parts - core initializa-
tion and measurement subsystem initialization.

Core initialization is called only the first time some thread
is created and it is used to set up shared libraries, unwind infras-625

tructure, and function bounds. First, we initialize the load map
that will hold all shared libraries. Next, we initialize x86 un-
winding infrastructure and module ignore map which we use
to predicate libraries which calls we don’t want to monitor. Fi-
nally, we use function bounds to specify address offsets that we630

use during unwind process.
We initialize the measurement subsystem at the stable point

right before the main function starts executing, or when a
new application thread is created. First, we initialize all sam-
pling sources (eg. PAPI library init) and user-defined control-635

knobs(eg. streams per tracing thread). Then we initialize a
thread data structure that holds all information about collected
metrics for a given thread. We parse user-defined monitoring
events and set up parameters for sampling frequency and inter-
rupt threshold. Finally, we combine sampling events into sets of640

events that will be collected at the same time on the CPU/GPU
and we turn on sampling for each component.

Similar to AMD invariant, HPCToolkit also has an invari-
ant about uninterruptability during initialization. This invariant
was broken when AMD creates thread when Rocprofiler library645

is loaded, which happens in the middle of HPCToolkit initial-
ization, and triggers initialization of measurement subsystem
which breaks. As a resolution of this conflict, AMD fixed the
issue by spawning a thread when the rocprofiler component is
turned on rather than on library loading.650

6.4. Problem with PAPI for the applications that fork

Applications that forks require some careful engineering
from performance tools. Every time fork happens, HPCToolkit
stop and shutdown all sample sources and reinitialize sample
sources, figure out event sets and turn on the sampling. This655

is done because every thread needs to have sampling sources
initialized separately, and they cannot share data structures.

We tested the Spectrum MPI application on the Summit su-
percomputer and found one more invariants conflict. PAPI li-

brary doesn’t expect a fork after the Cuda component is be-660

ing initialized. In our example, Spectrum MPI has integrated a
pmpix daemon that forks at the beginning of the application. At
that point, HPCToolkit has already initialized sampling sources
including the PAPI Cuda component, which conflicts with the
PAPI invariant. The application fails when HPCToolkit restarts665

PAPI sampling after the fork happens. The reason for this that
the shutdown is not done properly and both processes are still
sharing some internal representation of the initial state. Since
the PAPI Cuda component is not set properly the collected val-
ues from hardware counters are garbage.670

PAPI team reported that after a fork() follows PAPI init(),
besides PAPI failure, the bare Cuda functions such as cudaGet-
Device(), cudaMalloc(), and cudaMemcpy() fail as well just for
the child process while succeeding for the parent process. This
indicates that the problem lays in the initialization of the child675

thread. To solve this problem it is necessary to synchronize in-
variants between PAPI and Nvidia tools and clearly define them
to avoid future confusion.

7. Conclusion

In this paper we described the process of building perfor-680

mance tools, adding new features to HPCToolkit, and explain-
ing the problems and best practices we derived during develop-
ment.

The first step in the development process is to understand
monitoring APIs available for collecting performance data. In685

principle, there are two common approaches which are sam-
pling and instrumentation. Sampling incurs small overhead and
provides the bigger picture of the execution, while instrumen-
tation incurs higher overhead, but enables focus on the specific
parts. For GPU tracing, the vendors provide specific APIs for690

tracing GPU activities through asynchronous delivery of GPU
activity records. Besides this, they provide a callback for instru-
menting every interaction between CPU and GPU. Addition-
ally, we can use vendor-independent tools like PAPI to collect
data from performance counters through provided instrumenta-695

tion callbacks from vendor APIs. In HPCToolkit, we use all of
these capabilities to collect performance metrics from Nvidia,
AMD, and Intel GPUs and attribute them to the source-line
from where they originate.

In this paper, we described GPU tracing infrastructure with700

newly added support for OpenCL, scalable tracing, collection
of hardware counters on GPU, and create GPU idleness anal-
ysis. To associate GPU activities with the launching CPU
threads, we designed a multi-producer single-consumer data
structure to enable effective communication between callback705

threads and the monitoring thread that processes and associates
GPU activity to the right CPU threads. Additionally, reused this
data structure to design a scalable tracing infrastructure that en-
ables a user to specify the number of GPU streams per tracing
thread. This way we make possible tracing of applications with710

an unlimited number of GPU streams. We added support for
monitoring performance counters through the PAPI interface,
which enables us to monitor the order of 100 events on all three
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GPUs. Finally, we developed a GPU idleness analysis that pin-
points the parts of CPU code responsible for GPU idleness.715

During development, we several problems and derived the
best practices in developing performance tools. First, we no-
ticed that the LD PRELOAD mechanism doesn’t notify us
about important system calls if it is called through the pointer
by using the open/dlsym mechanism. As a replacement, we720

discussed using LD AUDIT and we found a set of issues that
needs to be addressed before it becomes appropriate for perfor-
mance tools. We explained the mechanism of how we avoid
monitoring ourselves and we designed deferred initialization to
avoid conflict with AMD’s thread creation on unstable points.725

Finally, we explained the forking problem that happens when
using the PAPI Cuda component.

To avoid future problems between the interacting parts of
performance tool architecture it is necessary that vendors and
tool developers specify the set of invariants for each piece and730

to maintain it. Each developing team has its perspective and of-
ten it is hard to communicate the problem effectively between
teams. Even worse, untransparent development and poorly
written documentation could prevent performance tools for de-
veloping new capabilities, and therefore limit the final user’s735

application efficiency.
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