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Abstract

Scientific workflows are becoming increasingly complex, including
utilization of multiple binaries, multiple clusters, and wide ranges
of input parameters. This complexity will likely increase with the
emergence of Artificial Intelligence and Machine Learning (AI/ML)
simulations as well as the convergence of High-Performance Com-
puting (HPC) and Cloud technologies. Existing performance tools
target traditional bulk-synchronous parallel single-binary applica-
tions. Such tools do not integrate easily with upcoming complex
workflows, for reasons including steep user-level learning curves,
source code readability issues, and lack of support for composability
and native visualization of traces.

We introduce PerfFlowAspect, a lightweight, open-source, and
aspect-oriented performance analysis tool for complex scientific
workflows. PerfFlowAspect is easy-to-use and can provide both
coarse and fine-grained performance results ranging from tradi-
tional to complex multi-cluster, multi-binary workflows. We demon-
strate its usability with two uses cases: (1) Merlin ICECap: an ML-
workflow based on a scalable framework designed for multi-cluster
simulations, and (2) Autonomous Multi-Scale (AMS): an applica-
tion to integrate ML surrogate models in HPC physics simulations.
Our findings demonstrate that PerfFlowAspect is effective in sup-
porting complex, multi-cluster and multi-binary workflows in a
user-friendly manner with minimal overhead (0.9% on average).
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1 Introduction

Large-scale simulations on high-performance computing (HPC)
systems are essential in many scientific domains. As HPC systems
are often very costly, it is critical that the simulation codes operate
as efficiently as possible. This can be difficult to achieve due to
sophisticated underlying hardware architectures and the difficulty
in optimizing simulation codes at scale. Specialized tools, called
performance analysis tools, help with identifying performance bot-
tlenecks and inform scientists how well their simulations make
use of HPC resources. These tools commonly operate by instru-
menting simulation codes to generate performance data as they
run. The data is analyzed afterwards, in order to present scientists
with results in the form of tables, traces, graphs, and visualizations.

Traditionally, these performance analysis tools have operated
on a single simulation code, which is comprised of a single binary
and is typically a bulk-synchronous parallel program (for exam-
ple, one that uses the Message-Passing Interface, or MPI). Modern
HPC simulation codes, however, are diverging significantly from
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these traditional approaches. These modern codes now explore
a wide range of parameters, utilize distributed data setups, and
leverage advanced statistical or AI/ML models. They accomplish
this by defining a scientific workflow [12-14, 23], either by utiliz-
ing a single-binary code with diverse parameters for optimization
(ensembles), or by connecting distinct components (multiple bina-
ries) with specified data dependencies and coordination points. In
some cases, these components can execute across different HPC
clusters (and potential cloud setups), resulting in multi-binary and
multi-cluster workflows.

The premise of this work is that performance analysis tools
should adopt different approaches for these upcoming complex
workflows. In a traditional setting, a simulation code may be instru-
mented (with source-code annotations) with hundreds of pairwise
region markers (begin and end markers) in order to pinpoint fine-
grained performance issues. For scientific workflows, however, it is
desirable to limit the amount of instrumentation, rather than “pol-
lute” many code bases. Workflow code bases are inherently more
complex than single-binary applications, and as a result, preserving
code readability, avoiding instrumentation errors, and reducing the
burden on the user become key requirements.

The presence of multiple binaries and multiple HPC systems also
implies that performance analysis tools will likely face more diverse
technologies (underlying architectures, programming languages,
etc.). For example, a workflow that combines physics simulations
and machine learning may need to deal with C/C++, CUDA, and
Python. Further, the sorts of analyses performed may be more
coarse-grained, in terms of understanding where time is being
spent in the overall workflow, as opposed to identifying a loop or
an if-else block that is a bottleneck in one of the function calls in
one of the constituent programs. Finally, an ideal tool should be able
to compose traces from multiple binaries and present these to the
user in a format that is easy to understand, analyze and visualize.

This paper introduces PerfFlowAspect [33, 37], a light-weight
performance analysis tool for complex workflows. The key contri-
butions of this work are:

e An approach for collecting performance data from multi-
binary and multi-cluster scientific workflows running on
heterogeneous HPC infrastructures, with minimal overhead
(0.9% on average).

e Demonstration of PerfFlowAspect’s effectiveness using two
distinct, complex, and multi-language workflows: (1) Merlin
ICECap: an ML-workflow based on a scalable framework
designed for multi-cluster simulations, and (2) Autonomous
Multi-Scale (AMS): an application to integrate ML surrogate
models in HPC physics simulations.

PerfFlowAspect supports C/C++, CUDA, and Python programs, is
user-friendly and preserves code readability by requiring minimal
instrumentation code. It generates trace files with performance
data (timing data, processor, and memory usage, etc.), which can be
collated and visualized using open-source tools like Perfetto [20]
and Hatchet [5, 9].

The rest of the paper is organized as follows. Section 2 discusses
the limitations of existing performance analysis tools and lays down

Lisan et al.

the requirements that are necessary for upcoming scientific work-
flows. Section 3 presents the design and implementation of Perf-
FlowAspect. Section 4 demonstrates how PerfFlowAspect can be
utilized for the analysis of Merlin ICECap, a multi-binary and multi-
cluster workflow. Section 5 shows how PerfFlowAspect can flexibly
perform both coarse and fine grained analysis of a complex single-
binary application, AMS. Section 6 presents overhead results and
Section 7 further discuss benefits and limitations. Section 8 con-
cludes the paper.

2 Background and Motivation

2.1 Upcoming Complex Scientific Workflows

The exascale era and the emergence of AI/ML techniques has
changed the nature of scientific simulation codes. As opposed to
the traditional bulk synchronous parallel applications, emerging
scientific workflows now rely on distinct connected components
and explore a wide range of parameters. When multiple coordinated
components are involved in a workflow, each individual component
is typically an independent program (binary) that performs a des-
ignated task, such as an MPI computation program, a specialized
GPU kernel, a data staging process, or a Python script. While these
components often depend on one another, they need not execute
on the same HPC cluster, and could even execute across facilities or
in converged HPC and cloud setups. Data can be passed between
such components by using a shared file system or with message
queues [3, 54, 55].

Further, these modern workflows are expected to have some com-
ponents that may leverage specialized hardware such as GPUs or
Al accelerators (e.g. Cerebras or SambaNova architectures). Under-
standing the performance bottlenecks as well as the resource utiliza-
tion in such cases is crucial for the efficient use of such expensive
hardware. Some examples of such complex workflows include Mul-
tiscale Machine-Learned Modeling Infrastructure (MuMMI) [15],
American Heart Association Molecule Screening (AHA MoleS) [3],
Autonomous MultiScale Library (AMS) [46], ICECap [49], Cyber-
Shake [21], Galactic [51], and GUIDE [17].

2.2 Existing HPC Performance Analysis Tools

Several performance analysis tools have been developed for HPC
applications over the years. These performance tools typically fall
into two key categories: (1) tools based on sampling, where event-
based or time-based sampling is used to collect measurements, and,
(2) tools based on annotations, where the application source code is
instrumented with measurement indicators. Sampling-based tools
(such as HPCToolkit [1, 42], Open|SpeedShop [53], or mpiprof) pro-
vide the convenience of profiling applications and binaries without
having to make any changes to the source code. This is especially
helpful when the performance profiling team does not have the
scientific domain expertise to instrument the source code, or when
modifying the source code could lead to significant build challenges
or errors, or when the source code itself is unavailable due to access
control concerns. These tools, however, run into the limitation that
they collect data on the entire application as opposed to just its criti-
cal path. This can generate a lot more data than needed, making the
analysis of the application’s regions of interest difficult. Another
limitation of such tools is related to the frequency of sampling,
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which is typically constant through the entire application’s execu-
tion. Determining the optimal sampling frequency is challenging:
a high sampling rate can result in high logging overhead, collec-
tion of unneeded data and input-output (I/O) issues, while a low
sampling rate can miss out on critical information and application
behavior. As many applications tend to have phases (such as data
staging, communication or compute phases), the optimal sampling
frequency varies and cannot be customized at the level of the entire
application.

As a result, annotation-based tools, such as TAU [52], Score-
P [26], Timemory [40], and Caliper [7, 8], can be more advanta-
geous for HPC users, as they are more customizable and have lower
overheads. They allow users to focus on and profile the regions of
interest on their application’s critical path, making it possible to
capture the behavior of different phases flexibly. Perfevent [31], a
header only C++ library, also provides region-level data by simpli-
fying interaction with Linux’s performance monitoring capabilities.
However, these tools and libraries do require domain expertise and
access to the source code when it comes to the application being
profiled. Online and continuous monitoring frameworks have also
been proposed in the past [2, 16, 41], but these focus more on the
system-level telemetry as opposed to HPC application critical paths.
A comparative study of HPC performance tools can be found in [11],
and discussion on optimizing them from an I/O perspective can be
found in [18].

2.3 Tools Referenced in this Paper

In this paper, we make use of a few of the aforementioned tools,
which we describe here. Caliper is a performance analysis tool
that provides tracing and profiling services for traditional single-
binary HPC applications. Users can annotate source code or use
configuration files to utilize these services. Caliper uses JSON or
custom file formats as output [7, 8].

Hatchet [5, 9] is a Python-based performance data analysis tool.
It stores numerical and categorical information from profiling data
along with the caller-callee relationships, allowing for pairwise
comparison for scalability analysis.

Perfetto is an open-source stack for instrumentation and perfor-
mance analysis [20]. It provides an interactive trace visualizer for
querying hours-long traces, and supports multiple tracing formats,
including the Chrome Tracing Format [19].

2.4 Limitations of Existing Tools

Existing tools discussed above lack several key features that are
needed for scientific workflows. Several of them pollute the applica-
tion’s code base by requiring region begin and end markers, reduc-
ing the code’s readability and making the annotations error prone.
Some of them do not support analysis in multiple programming
languages. Further, the trace formats are often not human-readable
or easily visualizable with commonly available tools.

As an example, we present the annotation APIs from two widely
used tools, TAU and Caliper. Listing 1 shows TAU’s Python instru-
mentation API [44], which is necessary when trying to not automat-
ically collect data from all functions in the user’s code base. This
example shows two timers, x and y, that track two areas of interest.
Each timer needs to be managed separately by the user. Listing 2
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shows the annotation of a C function foo with Caliper [38]. Here,
each exit point has to be marked with CALI_MARK_FUNCTION_END.
While both TAU and Caliper are powerful tools in terms of fine-
grained performance analysis, these examples highlight how te-
dious and error-prone instrumenting regions of interest with these
tools can be, especially with large code bases spanning different pro-
gramming languages and multiple binaries. While annotations for
C++-only code are simpler, the common usage pattern is with pair-
wise begin-end markers. Debugging warnings and errors arising
from annotation mismatches can be challenging. These examples
also depict how such annotations can “pollute” the user’s code base
and greatly limit readability.

import pytau
from time import sleep

1
2
3
4 x = pytau.profileTimer ("A Sleep for excl 5 secs")
5 y = pytau.profileTimer ("B Sleep for excl 2 secs")
6 pytau.start(x)

7 print "Sleeping for 5 secs ..."

8 sleep(5)

9 pytau.start(y)

10 print "Sleeping for 2 secs ..."

11 sleep(2)

12 pytau.stop(y)

13 pytau.dbDump ()

14 pytau.stop(x)

Listing 1: Example of manual instrumentation of Python
code with TAU.

1 #include <caliper/cali.h>

2

3 int foo(int r){

4 CALI_MARK_FUNCTION_BEGIN; /* Exports "function=foo". %/
5 if (r > 0) {

6 CALI_MARK_FUNCTION_END; /* Mark each exit point.=/
7 return r-1;

8 }

9 CALI_MARK_FUNCTION_END; /* Mark each exit point.x*/
10 return r;

1}

Listing 2: Example of manual instrumentation of C code with
Caliper.

Caliper generates .cali files for the annotated regions in the code.
TAU generates trace files in OTF2, . trc, or .edf formats. None of
these file formats are readable or understandable by domain scien-
tists or users. Any errors or inconsistencies in these files are thus
challenging to detect with ease. The content in the .cali files needs
to be visualized using a tool such as Hatchet. Caliper has in-built
tools such as cali-query with different options to process .cali
files and print them on the console in a relatively human-readable
format. This output is not interactive and often requires minimizing
text on the terminal to make it understandable, especially for com-
plex applications. TAU’s OTF2 can be read by Vampir [25] or C and
Python OTF2 libraries, while the other two formats can be read by
Jumpshot [56]. .cali and TAU trace files are also not composable
across different binaries or programs. For example, Listing 3 shows
a snapshot of a “.cali’ file for the listing shown in Listing 2, which
had 84 total lines.

1 __rec=node,id=12,attr=10,data=64, parent=3

2 __rec=node,id=13,attr=8,data=attribute.alias,parent=12
3 __rec=node,id=14,attr=8,data=attribute.unit,parent=12
4 __rec=node,id=45,attr=14,data=sec,parent=5

Listing 3: Few lines of the .cali file for the example in Listing 2
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Table 1: Aspect-Oriented Concepts in Performance Analysis.

Concept | Definition As Applied to Perf. Moni-

toring

Advice | Type of action Measuring duration, memory
usage, CPU usage, etc.
Join Candidate locations | Every line of code or every
Points where advice could | function
be applied

Pointcuts | Locations where ad- | Code locations that are in-
vice is applied strumented with performance
monitoring

Combination of ad- | Applying performance moni-
vice and pointcut toring code at a code location
Weaving | The mechanism to | The mechanism to monitor
realize an advice at | performance for instrumented
a pointcut code

Aspect

2.5 Requirements for Scientific Workflow
Performance Analysis

These limitations illuminate the desired features of an effective
performance analysis tool for scientific workflows below. First,
considering that workflows consisting of multiple programs have
(collectively) multiple source code components, the tool should
preserve the readability of the complex code base, should be min-
imally intrusive in terms of number of annotations, and should
also minimize introducing any annotation related errors. It should
be user-friendly without a steep learning curve, and preferably
have a human-readable trace file format that allows users to easily
understand and validate the data. Second, given the emergence of
complex AI/ML workflows that rely on both C/C++ and Python
interactions, the tool should be able to support instrumentation
and measurement across multiple languages with ease. Third, a
tool that profiles scientific workflows effectively needs to support
disparate data sources and generate trace files that are easily com-
posable across different components (multiple binaries) and across
the heterogeneous systems (multiple HPC clusters). Fourth, given
the sheer amount of data that a workflow can generate, the tool
should be able to provide both a coarse-grained, high-level analy-
sis as well as a finer-grained analysis with hardware performance
counters if and when desired. Finally, the tool should be able to
generate trace files that can be visualized easily with existing and
commonly-available visualization tools, such as Perfetto.

3 PerfFlowAspect: Design and Implementation

We introduce PerfFlowAspect, an open-source and user-friendly
performance analysis tool designed for complex scientific work-
flows. PerfFlowAspect’s design drew inspiration from Aspect Ori-
ented Programming (AOP) [24], [6], which is a paradigm that in-
creases modularity by separating out cross-cutting concerns, such
as logging, error handling, or, in our case, performance monitoring.
The benefits of AOP include separation of concerns, reduced code
duplication, improved maintainability, and enhanced scalability.
The concepts of AOP map to performance monitoring as shown in
Table 1.
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PerfFlowAspect’s design is in response to the requirements dis-

cussed in Section 2. The remainder of this section describes Perf-
FlowAspect’s implementation. AOP’s influence can be clearly spot-
ted in two of these requirements: (1) minimizing instrumentation at
pointcuts (Requirement 1) and (2) using decorators and Low-Level
Virtual Machine (LLVM) to realizing aspects in when weaving (Re-
quirement 2).
Requirement 1: User-friendliness and minimal intrusion to
source code. Our pointcut style includes the typical AOP practice
of instrumentation only being required once at the beginning of a
function. This style is referred to as an “around” pointcut and re-
quires only a single line of annotation to capture an entire function’s
characteristics. This contrasts with the typical begin/end style in
existing performance tools, where instrumentation is added in pairs.
In particular, obviating “end” instrumentation and requiring only
a single line of annotation makes the tool easy to learn for users,
especially for domain scientists who do not have a background
in computer science. It also creates a potential benefit in reduc-
ing user error during instrumentation. Further, this improves code
readability by reducing code pollution. In addition to “around,” our
instrumentation also allows for “before” and “after” pointcuts (i.e.,
the state of something before entering or after exiting a function).
Finally, the types of advices obtained (timing, utilization measure-
ments, and hardware performance counters) can be set dynamically
via environment variables.

import PerfFlowAspect
import PerfFlowAspect.aspect

1

2

3

4 @PerfFlowAspect. aspect.critical_path("around")
5 def foo(msg):

6 do_work_here ()

7 return 1 if msg == "hello" else 0@

8

9

0

def main():
foo("hello")

Listing 4: Python code with PerfFlowAspect annotated
functions.

1 {"name": "foo", "cat": "__main__", "pid": 26356, "tid": 26356,
"ts": 1712881071887511.8, "ph": "X", "dur": 3043.0},

Listing 5: PerfFlowAspect generated trace file with compact
logging.

Listings 4 and 5 show simple examples of PerfFlowAspect with
Python. Users annotate the critical path or functions of interest
within their application with a single line of code above the function,
as shown on line 4 in Listing 4. C/C++ annotations are similar,
and use the __attribute__ specifier!. Whenever an annotated
function is called in the program, performance data is recorded
by the associated advice (see Table 1) in a trace file, as shown in
Listing 5. PerfFlowAspect generates one trace file per process for
C/C++ codes and a single trace file for processes in Python.

In this example, only timing data is collected, which is repre-
sented by dur in the trace file in microseconds. The trace also
records the name of the annotated function (name), the calling func-
tion (cat), the process and thread identifiers (pid and tid), the
timestamp (ts), and the verbosity (ph). Users can also choose to

1__attribute__((annotate("@critical_path(pointcut="around’)")))
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measure the processor and memory usage for each annotated func-
tion by setting environment variables. These are implemented with
getrusage() in C/C++ and psutil in Python. Logging can be ver-
bose (marked with "ph": "B")and ("ph": "E") or compact ("ph":
"X").

Requirement 2: Support for multiple languages. Performance
data collection is currently supported for Python and C/C++. Perf-
FlowAspect uses decorators for the Python implemenation. Decora-
tors act as a wrapper around a function by extending the behavior
of the wrapped function without actually modifying it, enabling
collection of performance data.

The C/C++ implementation uses a LLVM transformation pass [29].

It has three main modules: parser, weaver and runtime. The
parser module parses the annotation with the __attribute__
specifier and identifies locations of pointcuts and their type (around,
before, after). This lexical analysis is done using lex and yacc.
The weaver module collects performance data using a transfor-
mation pass. It supports both the Legacy Pass Manager and the
New Pass Manager in LLVM [39], allowing portability ranging
from clang-10.0 through clang-18.0. In the case of the Legacy
Pass Manager, a FunctionPass executes on each function in the pro-
gram and overrides two virtual methods (doInitialization and
runOnFunction). Functions that are annotated by the user in their
source code are first identified in doInitialization. Then, addi-
tional measurement and logging code to collect timing and resource
usage data is inserted before, after or around these user-annotated
functions with the runtime module. This is accomplished by first
either identifying the entry block for the function (when inserting
before) or by iterating through the basic blocks of the function to
find a return or resume instruction (when inserting after), and then
utilizing the getOrInsertFunction to weave in the measurement
code. The rationale for the New Pass Manager is very similar, except
that it utilizes a ModulePass, and the associated runOnModule and
run functions in a PreservedAnalysis class. The user’s code base
is built with the Clang compiler, and linked to the PerfFlowAspect
library with standard build systems such as CMake. The use of an
LLVM pass allows further extensions to PerfFlowAspect to support
languages and tools such as Fortran and Caliper, respectively.
Requirement 3: Support for disparate data sources.
PerfFlowAspect supports disparate data sources by having each
component generate data in a way that the data can be collated
afterwards to create a unified view. Trace files are generated in the
Chrome Tracing Format (CTF) [19], which support composability
and flexibility with their structure.

Requirement 4: Support for coarse-grained and fine-grained
data. PerfFlowAspect provides native support for coarse-grained
performance data, i.e., time stamps, processor and memory usage for
user-annotated functions. For fine-grained data, such as low-level
hardware performance counters, PerfFlowAspect has an optional
mode to include Caliper [7, 8] which it implements via an LLVM
pass. Caliper’s data can be collected through exisiting single line an-
notations without any additional instrumentation. From the user’s
perspective, this greatly improves the usability of Caliper itself by
removing the need for tedious annotations. This also enables users
to start with coarse-grained analysis and then apply the more cum-
bersome Caliper instrumentation after PerfFlowAspect identifies
specific functions of interest.
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Requirement 5: Interactive visualization of data. The CTF
format can be interactively visualized in Perfetto [20]. Users can
zoom in and out of timeline views based on the level of detail they
need. They can click on individual functions to visualize timing,
processor and memory usage, and get process- and thread-level
information. Fine-grained data obtained through Caliper can be
visualized with Hatchet [5, 9].

4 Evaluating PerfFlowAspect on Multi-Binary,
Multi-Cluster Workflows

We begin this subsection by describing a complex multi-binary
scientific workflow, which is based on the structure of a restricted-
access workflow, called ICECap [49]. The ICECap workflow is based
on the Merlin framework [47, 48], which is an open-source frame-
work designed for large-scale ML workflows. Merlin can coordinate
workflows across multiple HPC clusters when needed. It does so by
using a persistent external queue server that lives outside the HPC
systems but can talk directly to workers residing on the nodes of dif-
ferent HPC clusters. Merlin leverages some key open-source HPC
and cloud computing technologies. Maestro [30] is used to define
workflow task dependencies, and Celery [45] is used to translate
those into concrete tasks, which are then configured using a Rab-
bitMQ [55] and Redis [50] backend. This allows Merlin to scale to
a very large numbers of workers, enabling large-scale simulations
with very little overhead.

ICECap is a ML-assisted scientific workflow which demonstrates
the optimization of a 17-parameter National Ignition Facility ex-
periment [49]. The ICECap workflow involves six steps using three
distinct programs (binaries) and two libraries (code bases). On the
restricted side, one of these steps in ICECap runs a HYDRA [28]
multi-physics simulation code. In order to run the ICECap workflow
as close as possible to the original, only the HYDRA component was
replaced by the Cloverleaf [22, 32] application. Cloverleaf is a proxy
application that uses compressible Euler equations for computing
2D hydrodynamics.

Before the ICECap workflow starts running, 8 samples are gener-
ated as input by Spellbook [36], a Python utility library for Merlin.
The first step sets up the database for the workflow (setup-kosh).
ICECap uses Kosh [35] as its database on top of Sina [43]. This
step is implemented as a Python program. The second step (run-
cloverleaf) consists of three sub-tasks. The first sub-task creates
an input deck for the simulation using the samples that were gener-
ated in the beginning. The second sub-task runs the simulation and
the third collects the results. Each sub-task consists of a separate pro-
gram and in our case, we ran the Cloverleaf simulation. Spellbook
is used for the creation of the input deck, while a Python script is
used for collection of results. Cloverleaf is implemented in C/C++
with MPI, and we leverage both CPU and GPU versions to demon-
strate diversity in computation times of the samples. The third step
pushes the collected data from the previous step to the Kosh data-
base (push-to-db). This step is implemented as a Python program.
The fourth step trains a machine learning model (learner), and
the fifth step optimizes that model (optimizer). Both learner and
optimizer use the DeepOpt library, which is written in Python.
DeepOpt is used for performing Bayesian optimization, leveraging
the powerful capabilities of BoTorch [4]. Its key feature is the ability
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to use neural networks as surrogate functions during the optimiza-
tion process, allowing Bayesian optimization to work smoothly
even on large datasets and in many dimensions. The optimization is
performed by running a single Bayesian optimization step, propos-
ing a set of candidate points aimed at improving the value of the
objective function, which is the output of the learned model. The
final step focuses on performing another iteration to further opti-
mize results. It launches set number of iterations (repeating steps
1-5) (iterate). When iterate is set to zero, only steps 1 through
5 are executed. This step does not involve a distinct program.

4.1 Experimental Setup

We ran the ICECap experiments on Lawrence Livermore National
Laboratory’s (LLNL) Corona and Ruby machines. Each Corona node
contains a 2.0 GHz AMD Rome CPU with 48 cores and eight AMD
8xMI50 GPUs. Ruby nodes have a 2.2 GHz Intel Xeon CLX-8276L
v4 CPU with 56 cores.

As described earlier, we used the Cloverleaf application for the
second step in the workflow. Cloverleaf requires the selection of
an input deck. The input deck specifies the size of the grid, initial
parameters for the simulation, and the number of iterations. Our
Cloverleaf experiments used an input deck that placed multiple
high-energy spheres in a volume. Both CPU (MPI) and GPU (HIP)
variants were leveraged. This deck sets up a 36500 x 36500 X 36500
grid with 175 iterations for the GPU version, and a 30720 X 30720 X
30720 grid with 150 iterations for the CPU version.

A Merlin workflow is specified with a YAML file that defines the
steps (binaries), dependencies, required number of nodes, clusters,
and input details. In our setup, Corona and Ruby have a shared
file system. Merlin utilizes an on-premises cloud service, LaunchlIT,
deployed at LLNL to provide persistent services. The services used
in this paper include Redis, RabbitMQ, and MariaDB. Merlin is
connected to the RabbitMQ broker hosted on LaunchIT and contains
a Celery queue. The YAML specification file also includes details to
the shared file system paths to facilitate data sharing between the
two clusters (e.g. OUTPUT_PATH). The workflow is invoked with the
merlin run command, and Merlin reads the specified OUTPUT_PATH
and hands it over to the Celery tasks it creates, which are then sent
to queues on the RabbitMQ broker. Once the tasks are in the queues,
they can be pulled from either cluster, provided Merlin is configured
to connect to the same RabbitMQ instance.

Our domain scientists were interested in comparing the per-
formance differences between a single-cluster and a multi-cluster
execution of a complex workflow. To achieve this, we used two
YAML files for our experiments. As a baseline, the first YAML file
runs the entire ICECap workflow on Corona across nine nodes.
The Cloverleaf step is executed with four samples running the
CPU-only MPI version on four nodes, with 48 tasks per node. The
remaining four samples were running the GPU variant on four
nodes, each with eight tasks executing across the eight MI50 GPUs.
In the second experiment, the YAML file specified that execution
should occur on both Corona and Ruby, with an allocation of four
nodes on Corona and five nodes on Ruby. Here, the eight samples
were distributed equally across the two clusters. The four nodes
on Ruby ran the Cloverleaf CPU-only version with 48 tasks on
each node, and the four nodes on Corona ran the Cloverleaf-GPU
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Figure 1: Gantt chart for the single-cluster experiment on
Corona. Cloverleaf CPU and GPU samples run on nodes C2-
C9, and the remaining steps run on node C1.
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Figure 2: Gantt chart for the multi-cluster experiment on
Ruby and Corona. Cloverleaf CPU runs on R2-R5, and Clover-
leaf GPU runs on C1-C4. Remaining steps run on R1.

version across four nodes, with eight tasks on each node. The rest
of the steps ran on Ruby.

In order for PerfFlowAspect to collect performance data, all of
the constituent programs in the workflow must be instrumented.
We did this for each of the three programs, Cloverleaf, and two
libraries, meaning each would output its own trace during execution.
A total of 93 single-line annotations were added. For some of the
figures, we also wrote scripts that processed the data produced by
PerfFlowAspect to produce custom visualizations using Matplotlib
and Seaborn.

4.2 Holistic Performance Results

Figure 1 shows a Gantt chart of the high-level timeline view of
the ICECap workflow running on a single cluster, Corona. The
y-axis here indicates the cluster name and associated node number,
representing the nine-node allocation on Corona. This view allows
us to understand which step from the workflow was running on
which node. The x-axis represents time in log scale.

Each bar for the run-cloverleaf step is divided into three parts.
The first part (dark grey) is the average time taken to generate
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inputs, measured using /usr/bin/time. The second part (light
grey) is the wait time for node allocation once the simulation job is
submitted by Merlin. The last part (brown or blue) is the duration
of the Cloverleaf application, measured with PerfFlowAspect. We
observe here that Cloverleaf is indeed on the workflow’s critical
path. It executes the eight samples across eight nodes (C2-C9). Four
of these use the CPU version and four utilize GPUs. The remaining
steps of the workflow all execute on a single node (C1), and their
timing information is also collected with PerfFlowAspect.

The end-to-end turnaround time for the workflow for the single
cluster run was 1, 854.3 seconds. We note that out of the 72 MI50
GPUs allocated for the workflow (nine nodes, with eight GPUs
each), only 32 (across the four nodes of Cloverleaf-GPU simulation)
were utilized. This left more than half of the allocated GPUs idle,
resulting in inefficient use of resources.

The Gantt chart in Figure 2 shows the high-level view of the
ICECap workflow across Ruby and Corona, demonstrating a multi-
cluster scenario. Here, the end-to-end turnaround time was 1, 982.6
seconds, which is 6.9% slower. This was because the Cloverleaf CPU
simulation step ran slower on Ruby (average of 1,636.7 seconds
versus 1,379.1 seconds on Corona in the single-cluster experiment),
despite running the same number of tasks (48) and Ruby having a
higher CPU frequency. We attribute this to processor performance
differences in the memory usage and caching. The learner step on
R, however, was faster (175.1 seconds on Ruby as opposed to 262.7
seconds on Corona), offsetting some of this slowdown. It is impor-
tant to note here that, despite the 6.9% slowdown, no resources
(GPUs) were left unused, demonstrating better usage of overall re-
sources at the site. High resource utilization of expensive hardware
is preferred, making the multi-cluster approach favorable.

4.3 Per-Step Performance Results

4.3.1 Detailed Cloverleaf Results. Figure 3 shows the function-
level speedup comparison of selected GPU kernels with respect
to their CPU counterparts from a single iteration of Cloverleaf on
Corona with data collected from PerfFlowAspect. Here, we observe
that while some kernels, such as PdV and advection, result in
reasonable speedups on the GPU, others, such as accelerate do
not see a similar speedup. Such results enable our domain scientists
to identify scaling bottlenecks at the kernel-level, allowing them to
optimize relevant portions of their simulation code.

4.3.2 Detailed DeepOpt Optimizer Results. Figure 4 shows a snap-
shot of the Perfetto visualization of the trace file for the DeepOpt
optimizer step. This interactive visualization is zoomed in to show
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only one iteration of the optimizer step. Such interactive function-
level data helps users dig deeper into a single step’s performance
and identify functions with performance bottlenecks, as well as
understand the call trees in the codebase. PerfFlowAspect users can
also view processor and memory usage in Perfetto.

5 Fine-Grained Analysis of a Complex
Single-Binary Application

This section demonstrates PerfFlowAspect applied to a complex
single-binary application. It uses the Autonomous MultiScale
(AMS) [46] library, which integrates ML-based surrogates into large-
scale physics simulations. The goal of AMS is to reduce computation
time while ensuring accuracy. Surrogate models are used when per-
missible as they execute faster, and slower physics-based models
(IdealGas) are used to ensure reliable results. AMS is illustrated in
Figure 5.

Each timestep has prologue and epilogue steps, both of which
are not computationally expensive. AMS operates on the physics
step, which is computationally expensive, with a fixed percentage
of total samples, based on the input configuration, assigned to
the ML-based surrogate model and the remainder assigned to the
physics model. Results are then gathered and used for fine tuning
and training the ML-model for the next iteration.

5.1 Experimental Setup

Our experiments were divided into three phases. The first two
phases considered 486 experiments spanning a variety of AMS
input configurations, with Phase 1 focused on coarse-grained anal-
ysis and Phase 2 focused on fine-grained analysis. Phase 3, which
demonstrates visualization capabilities, considered fewer AMS in-
put configurations (48), but considered a variety of concurrencies
(5) for a total of 240 tests.

The AMS input configurations cover three key parameters:
threshold, physics_complexity,and number_of_elements. The
threshold controls the tradeoff between the physics module and
machine learning model. Our experiments considered eight dis-
tinct values: 0.0 (only Ideal Gas), 0.1, 0.2, 0.4, 0.6, 0.8, 0.9, 1.0 (only
ML surrogate). The physics_complexity parameter artificially
adds complexity to the physics computation by using additional
iterations and loops around the IdealGas module. For this parame-
ter, we considered nine distinct values from 10 to 90. Finally, the
number_of_elements sets the total number of samples. Here, there
were six distinct values, from 20K elements to 120K elements. Also,
as a baseline, we included a program that consists of only the
physics computation and without any machine learning. This pro-
gram is referred to as no—-AMS in this text. Note that no-AMS is not
the same as AMS with threshold 0.0 — threshold 0.0 does training
but does not use the resulting model, whereas no-AMS does not
perform training. In all, Phase 1 and 2 are considering 432 com-
binations from the three factors (6 X 9 X 8) plus an extra 54 from
no-AMS (6 X 9).

We ran all experiments on the Lassen cluster at LLNL. Each
Lassen node contains an IBM Power9 CPU with 44 cores and four
Nvidia Volta GPUs, but no GPUs were used for our results. Phase 1
and 2 experiments are single-node, and Phase-3 experiments are
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Figure 4: Zoomed-in Perfetto visualization of the DeepOpt optimizer step trace file generated by PerfFlowAspect.
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Figure 5: Single time-step depicting AMS in a simulation.

multi-node. All experiments were run as “sweeps,” executing back-
to-back on the same set of nodes.

5.2 Phase 1: Coarse-Grained Analysis of AMS

Figure 6 contains nine graphs corresponding to the nine values
of physics complexity, depicting the performance of AMS’s main
function with respect to no-AMS. We note that while speedups can
get as high as 2.5X, there are many configurations that run slower
when using ML. We learn from this data that, counterintuitively, the
Ideal Gas module is not always on the critical path of the application,
and is computationally simple at low physics complexity.

Speedups can be observed for higher threshold values, especially
when the complexity of the computation increases. Focusing on
physics complexity, speedups only start occurring at a value of
30. The highest physics complexity (90) shows a generally positive
story about using ML, although some configurations are still faster
without it. The main reason for this is that the ML provides rel-
atively uniform performance, while the performance of the Ideal
Gas module depends on the underlying physics complexity. Fur-
thermore, tasks outside of just the ML model, such as data loading
and storing, are included in the timing of the main function.

Our domain scientist collaborators were specifically interested
in timing and resource usage of the evaluate function within
AMS. Figure 7 plots the speedup for the evaluate function. This
function depicts the time taken for the evaluation of samples, where
based on the threshold, a certain percentage would leverage the
ML-model (Surrogate: : evaluate) and others would leverage the
physics model (IdealGas: :Eval). As a result, this is the combined
duration of the Ideal Gas and the ML-models within an AMS time-
step, excluding the overhead of data loads and stores. The data
here shows that the evaluate coming from a combination of ML
and the Ideal Gas modules is considerably faster than using the
Ideal Gas module alone, which we measure with no-AMS. Moreover,
the speedups observed in Figure 7 for physics complexity of 30, 60
and 90 do not translate to the whole application, as can be seen
in Figure 6. This verifies our earlier observation that the physics
module is not always on the critical path.

Figure 8 shows both memory usage and CPU usage for various
functions executed during a specific AMS experiment, obtained
using the same annotation from PerfFlowAspect.

5.3 Phase 2: Fine-Grained Analysis of AMS

Figure 9 demonstrates how fine-grained data, such as hardware
performance counters, can be obtained from Caliper using Perf-
FlowAspect’s existing annotations. The figure shows L3 data and
instruction cache counters for the main function in AMS. We believe
this is a significant benefit over Caliper’s native instrumentation
approach, which can be tedious and error-prone. That said, this bal-
ance has some limitations, as PerfFlowAspect currently focuses on
function-level data. In the future, we plan to extend PerfFlowAspect
to support finer-grained annotations (e.g., loop-level analysis).

5.4 Phase 3: Perfetto and Hatchet Visualization

PerfFlowAspect enables interactive trace file visualizations with
Perfetto. We presented an example of this in Section 4 and omit
this for AMS due to space considerations.

Figure 10 demonstrates how low-level data obtained through
PerfFlowAspect’s integration with Caliper can be visualized. This
is a visualization of AMS .cali files and shows its performance
across five different concurrencies — 2, 4, 8, 16, and 32 nodes, with
four MPI ranks per node. This data shows that AMS does not scale
well with the increase in MPI ranks and number of nodes for the
physics model that was used.

6 Runtime Overhead

Table 2 shows experimental results for PerfFlowAspect’s run-time
overhead for Cloverleaf, AMS, and a synthetic Python benchmark.
Each experiment was run five times. Experimental details for the
three codes are as follows:

o Cloverleaf consisted of two sets of experiments, each run on
both the CPU and the GPU. The first set varied the number
of task counts with a fixed input mesh size (15360° for the
CPU, 12K3 for the GPU) and step count (20 for the CPU,
175 on the GPU). The second set varied the input mesh size,
ranging from 1K> to 25K on the CPU and 15K? to 35° on
the GPU, with fixed number of tasks and step counts (150
for the CPU, 175 on the GPU). These experiments consisted
of 23 different configurations and were run with “verbose”
logging.

e AMS experiments had 12 configurations, with four thresh-
old values and three complexity values. For each experi-
ment, there were four types of measurement modes: run-
time with only Caliper, with only PerfFlowAspect, with Perf-
FlowAspect with Caliper support, and with neither Perf-
FlowAspect nor Caliper as a baseline. The AMS team had pre-
viously added Caliper instrumentation to their code, which
facilitated overhead comparison. These experiments were
run with “compact” logging.
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Table 2: Overhead of PerfFlowAspect for Cloverleaf, AMS and a synthetic Python benchmark.
Code Experiment Baseline Architecture | Language | Minimum Rel- | Maximum Average Rela-
ative Runtime | Relative Run- | tive Runtime
time
Cloverleaf | PerfFlowAspect No PerfFlowAspect CPU C/C++ 97.8% 106.9% 100.2%
Cloverleaf | PerfFlowAspect No PerfFlowAspect GPU C/C++ 96.9% 104.6% 100.3%
AMS PerfFlowAspect, | No PerfFlowAspect, | CPU C++ 100.4% 107.8% 103.0%
no Caliper No Caliper
AMS Caliper, no Perf- | No PerfFlowAspect, | CPU C++ 99.0% 103.3% 101.0%
FlowAspect No Caliper
AMS PerfFlowAspect + | No PerfFlowAspect, | CPU C++ 101.9% 117.1% 107.3%
Caliper No Caliper
Python PerfFlowAspect No PerfFlowAspect CPU Python | 98.3% 101.1% 99.9%
Benchmark
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Figure 10: Hatchet comparison of AMS scalability across dif-
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that ran 10 seconds or more. The y-axis is the total exclusive
time in seconds for all the functions for each task count.

e The synthetic Python benchmark consists of a multi-
process program with multiple functions. One of the func-
tions, with a mathematical computation within a spin loop, is
called repeatedly in each process. This benchmark was used
to perform experiments with five different process counts
ranging from 1 to 48, resulting in five different configura-
tions, with each “verbose" and “compact” logging.

Overall, Table 2 shows that PerfFlowAspect’s overhead is small
(0.9% on average), across codes, architectures, and languages. In
some cases, experiments with PerfFlowAspect even ran faster than
experiments without PerfFlowAspect, demonstrating that the vari-
ability in runtime was generally larger than the overhead. The most
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significant overheads (7.3% on average) were for the AMS experi-
ments with both PerfFlowAspect and Caliper enabled. Other AMS
experiments showed that PerfFlowAspect with “compact” mode log-
ging has an overhead of 3% on average, which is slightly higher than
that of Caliper (1% average). Note that PerfFlowAspect’s “compact”
mode with C/C++ has a higher overhead than its verbose coun-
terpart. Overhead in the “verbose” mode with C/C++ is negligible,
as shown in the Cloverleaf data. For the Python experiments, the
overhead was negligible for both the “verbose” and the “compact”
logging modes.

Our average overhead of 0.9% compares favorably with over-
heads documented in other works for Caliper, TAU, HPCToolkit,
and Score-P [11, 27, 34]. The lowest documented overhead among
these tools is on the order of 1-3% while the highest overhead
doubles the duration of the application. Overall, the runtime over-
head when using all these performance tools is similar, except for
the case of Score-P for some of the applications. Of course, the
amount of overhead is correlated with the amount of performance
measurements taken, instrumentation techniques, and the imple-
mentation details of each tool. As PerfFlowAspect is taking fewer
measurements, with instrumentation along the critical path, it is not
surprising that our overhead is lower. That said, we still conclude
that overhead is not problematic for our tool.

7 Discussion: Instrumentation Effort and Other
Considerations

Merlin and AMS demonstrations show the capability of
PerfFlowAspect in different ways. With Merlin, PerfFlowAspect is
able to generate traces from the disparate programs (Python and
C/C++), architectures (CPUs and GPUs), and HPC clusters (Ruby
and Corona) in a manner that can be reconstituted for holistic
analysis (Section 4.2). With AMS, PerfFlowAspect was able to suc-
cessfully perform both coarse- and fine-grained analysis with a
single set of annotations.

The Merlin workflow shows the benefit of PerfFlowAspect’s ap-
proach for minimizing instrumentation efforts. As Merlin is made
up of many distinct programs, the additional work required to in-
strument them is magnified and is error prone. PerfFlowAspect
minimizes the per-program instrumentation and maintains code
readability, making PerfFlowAspect’s lightweight approach more
attractive in these settings. In the ICECap workflow, the instrumen-
tation code was less than 100 lines of code across all its programs.

The AMS application was different, as it involved ensemble runs
of the same binary. Another key difference is that the AMS team
had previously added Caliper support to their code, which enabled
comparison between PerfFlowAspect’s instrumentation with their
efforts. We added 57 PerfFlowAspect single-line annotations around
57 AMS functions. For Caliper, 59 pairwise region annotations (with
CALI_MARK_BEGIN and CALI_MARK_END markers) were added. How-
ever, these annotations covered only a subset of the functions we
instrumented with PerfFlowAspect. Lastly, an AMS function with
18 lines of code had 10 lines of Caliper instrumentation code added
(as opposed to a single line of PerfFlowAspect instrumentation).

With its integration with Caliper, PerfFlowAspect benefits from
access to low-level hardware performance counter data that Caliper
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provides. Utilizing PerfFlowAspect’s single-line annotations to ob-
tain Caliper data makes fine-grained analysis with Caliper easier,
establishing a synergistic relationship between the two tools.

Different performance analysis scenarios may require different
tools based on the user’s need. Tools such as Caliper and TAU are
widely used and well-suited for fine-grained analysis of traditional
single binary applications. That said, their match for the complex
multi-cluster, multi-binary workflow use case is not as strong. In
the context of a user who is not a developer of an application,
but rather combining multiple applications into a workflow, tra-
ditional performance tools can have a steep learning curve, and
can be error-prone, cumbersome, and/or hard to debug. Further,
the resulting profiles and trace files are hard to understand from a
user’s perspective. In response, our goal is to introduce a capable
and much friendlier tool for users that enables analysis for their
complex multi-cluster and multi-binary workflows.

8 Conclusions and Future Work

We introduced PerfFlowAspect, which has several key properties
that are necessary for performance analysis of modern-day com-
plex scientific workflows. We demonstrated its effectiveness with
the analysis of the multi-binary and multi-cluster Merlin ICECap
workflow as well as its ability for coarse- and fine-grained analysis
with the AMS workflow. PerfFlowAspect is designed for reducing
the overall burden on the user. It enables easier instrumentation
for complex scientific workflows, preserves code readability and
reduces annotation-related errors. It also generates composable and
easy-to-understand trace files that support interactive visualiza-
tion natively. PerfFlowAspect accomplishes this with a minimal
overhead of 0.9% on average. It does not sacrifice the benefits that
previous performance analysis tools have introduced, and instead,
can also help improve the usability of tools such as Caliper.

Future research directions will involve identifying techniques
to further lower PerfFlowAspect’s overhead, with methods such
as compression and aggregation for large trace files. Developing
advanced call-graph visualization techniques and integrating with
tools such as Thicket [10] is another direction for research. Some
engineering challenges remain as well, which include designing
general-purpose data parsing and graphing scripts, adding support
for Fortran-based codes, and collection of additional performance
data, such as power, I/O and network counters. Moreover, more thor-
ough comparative studies may help demonstrate PerfFlowAspect’s
advantages over existing tools. Finally, while our demonstrations
were on a traditional HPC cluster, PerfFlowAspect can also run in
a Cloud setting. That said, we plan to explore scientific workflows
that combine HPC and Cloud in the future.
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