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ABSTRACT

TOWARDS HETEROGENEITY-AWARE AUTOMATIC OPTIMIZATION OF
TIME-CRITICAL SYSTEMS VIA GRAPH MACHINE LEARNING

Modern computing’s hardware architecture is increasingly heterogeneous, making optimiza-
tion challenging; particularly on time-critical systems where correct results are as important as low
execution time. First, we explore a study case about the manual optimization of an earthquake
engineering-related application, where we parallelized accelerographic records processing. Sec-
ond, we present egg-no-graph, our novel code-to-graph representation based on equality saturation,
which outperforms state-of-the-art methods at estimating execution time. Third, we show how our
150M+ instances heterogeneity-aware dataset was built. Lastly, we redesign a graph-level embed-
ding algorithm, making it converge orders of magnitude faster while maintaining similar accuracy

than state-of-the-art on our downstream task, thus being feasible for use on time-critical systems.
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Chapter 1

Introduction

Modern computing is becoming increasingly heterogeneous in terms of hardware architecture,
making it challenging to optimize systems both manually and automatically. In time-critical sys-
tems, correctness not only depends on the results obtained but also on the time at which they are
executed. The goals of this work are to study manual optimizations of time-critical systems and
develop a heterogeneity-aware tool for performance characterization via graph machine learning.

This document is structured as follows: Chapter 1 states the research questions and contribu-
tions of the two projects we have developed; Chapter 2 is the study case about manual optimization
of a time-critical system related to seismology engineering where accelerographic records are pro-
cessed in parallel using OpenMP, Chapter 3 presents how we (a) designed a novel code-to-graph
representation based on e-graphs (equality saturation), offering more fine-grained graphs without
exploding in size, alongside the example that motivated it, (b) redesigned a graph-level embedding
algorithm with comparable accuracy to 6 state-of-the-art approaches while executing orders of
magnitude faster, (c) created a heterogeneity-aware dataset with 150M+ training instances includ-
ing 13 hardware architectures, and (d) obtained experimental results by training several models,
achieving NRMSEs around 4%, 0.56% and 0.87% under different combinations of granularity and

vector lengths. Lastly, Chapter 4 concludes with final thoughts about this and future work.

1.1 Research questions

Regarding our study case of manual optimization of a time-critical system:

* RQ1. How can we manually optimize a sequential application, implemented in a mix of
Fortran and C++, for strong-motion processing currently used in a Salvadoran National Lab
through OpenMP pragmas? How much raw speedup can be obtained, and how does it corre-

late with problem size (defined as data points distributed among different seismic stations)?



Regarding the performance characterization via Graph Machine Learning:

* RQ2. How can a traditional code-to-graph representation such as SSAs be augmented using

1.2

equality saturation to improve their representational capacity for programs written in C/C++?

RQ3. Can a traditional graph embedding method such as WL color refinement be improved
to be both suitable for machine learning and efficient enough for use in time-critical systems?

Does it provide a reasonable tradeoff between speed and accuracy?

RQ4. How can we design a heterogeneity-aware dataset suitable for graph machine learning
that includes various hardware architectures, a variety of time-sensitive programs, workloads

(resource availability), problem sizes, and multiple target performance metrics?

RQS5. Using RQ4’s dataset, does a coarse vs. a fine-grained training approach report the

lowest end-to-end NRMSE for the downstream task of predicting execution time?

RQ6. Using RQS5’s best training approach, how do end-to-end NRMSE and training time

behave among different embedding vector lengths for egg-no-graph, RQ2?

Contributions

. A fully-parallelized approach for strong-motion record processing. Leveraging parallel

loops and task parallelization, our method successfully addresses the challenge of efficiently
processing accelerographic data, providing scalability and speedup roughly proportional to
problem size. Through experimentation with more than one million data points from six
real-world seismic events, our approach achieved speedups of up to 2.9x over the baseline.

Our implementation utilized OpenMP on both Fortran and C++.

Egg-no-graph: Design of a code graph representation. We designed a code-to-graph
algorithm using SSAs as the backbone and converting them to an e-graph. Leveraging the

idea of equality saturation in these graphs increased their expressive power, allowing them



to uniquely represent more programs than originally possible with traditional graphs such as

ASTs and SSAs. Thus increasing the breadth of programs that can be uniquely modeled.

. Easy Egg: Python implementation using EasyGraph and Egglog. We created a fast con-
verter, 4.35ms on average, for the code-to-graph method mentioned above, leveraging widely
used open-source libraries. EasyGraph contains several state-of-the-art graph embedding al-

gorithms, while Egglog is a Python interface of a robust Rust e-graph toolkit.

. Bag of Colors: Implementation of fast WL-based graph embedding algorithms. We
modified a color refinement-based graph embedding algorithm inspired by the Weisfeiler-
Lehman graph-isomorphism test. By preventing the phenomenon known as over-smoothing,
our version is not only more suitable for usage in ML than the vanilla “1-WL” but also 20x
up to 5000x faster (0.85ms on average) compared to six state-of-the-art algorithms, while

maintaining comparable accuracy. Thus making it suitable for use in time-critical systems.

. Design and build a 150M+ instances heterogeneity-aware training dataset. Targeting
three High-Performance Computing (HPC) and Competitive Programming (CP) famous
repositories, we considered a design space of 13 unique hardware architectures, 12 problem
sizes, 8 workloads, 6 performance metrics, 5 code-to-graph representations, 7 embedding

algorithms, and 8 vector length sizes. Its computing time required around 10 weeks.

. Experimental results: coarse vs fine-grained training. We compared the NRMSE of (a)
six algorithms trained directly over a whole dataset vs. (b) a hierarchical approach where the
same dataset is divided into clusters, and individual cluster-wise regressors are trained and
finally composed in a single ensemble model. While approach (a) achieved 4% NRMSE, (b)

reached values <1%. In both scenarios, Eggnog outperformed state-of-the-art approaches.

. Experimental results: Eggnog’s performance. We explore the behavior of our method
on the (b) approach detailed above across all programs in our dataset. We report trends for

end-to-end NRMSE and fine-grained training times for four embedding vector lengths.



Chapter 2
Study case: Manual optimization of Accelerographic

data processing

This chapter is about the paper ‘“Parallelizing Accelerographic Records Processing” which I
first authored and published at ParSocial’24 (IEEE Workshop on Parallel and Distributed Process-
ing for Computational Social Systems) co-located with IPDPS’24 (38th IEEE International Paral-
lel & Distributed Processing Symposium). The abstract of this paper is: Strong-motion processing
holds paramount importance in earthquake engineering and disaster risk management systems. By
leveraging parallel loops and task-parallelism techniques, we address computational challenges
posed by large-scale accelerographic datasets. Through experimentation with more than one mil-
lion data points from six real-world seismic events, our approach achieved speedups of up to 2.9x,
demonstrating the effectiveness of parallel programming in accelerating seismic data processing.
Our findings highlight the significance of parallel programming techniques in advancing seismo-

logical research and enhancing earthquake mitigation strategies.

2.1 Introduction

Earthquakes are well-known for their unpredictability and potential to cause significant dam-
age. These events have profound and far-reaching impacts on both human societies and the envi-
ronment. One of the most devastating earthquakes in recent history occurred in 2004 in Sumatra,
Indonesia, triggering a massive tsunami that affected the entire Indian Ocean region, and resulting
in approximately 230,000 fatalities [1]. The 2015 Nepal earthquake caused significant damage to
the Himalayan region, with economic losses amounting to one-third of its gross domestic product
for that year [2]. Similarly, in February 2023, a powerful earthquake struck southeastern Turkey
and Syria, causing over 50,000 fatalities and widespread destruction [3]. Furthermore, seismic
events such as the Gyeongju and Pohang earthquakes in 2016 and 2017 in the Korean Peninsula

have underscored the importance of ground-motion data collection and analysis for ensuring the



stability of critical infrastructure such as nuclear power plants [4], and have highlighted the criti-
cal need for seismic hazard assessment and disaster risk reduction strategies in earthquake-prone
areas, such as the Indian subcontinent [5].

Earthquake-resistant structural design is primarily concerned with the tradeoff between poten-
tial for local earthquake activity levels and the ability of structures to resist damage, and relies
on seismic data collection and analysis. With numerous data analysis schemes available, ensuring
accurate interpretation and utilization of the data is crucial [6]. Large seismic monitoring net-
works generate vast amounts of data that require efficient archiving, dissemination, visualization,
and real-time analysis [7]. These records, obtained from strong-motion accelerograph machines,
are indispensable for hazard estimation and site-effect studies, forming the backbone of seismic
research [5]. Processing strong ground motion data efficiently can mitigate seismic hazards and
gain valuable insights into site-specific effects [8].

In this paper, we explore a parallelization-based approach for improving the performance of
vital strong-motion processing software used in El Salvador. Although various techniques for par-
allelizing generic programs exist, these approaches are not straightforward to use in the context of
real-world seismological software because of complex process dependencies, legacy programming
languages and APIs, mixed input/output data formats, and intrinsically distributed data sources.

Specifically, we focus on software used in El Salvador’s Observatory of Natural Threats. In
this context, despite using modern technology for sensing, distributing, storing, and visualizing
seismic-related data, the core calculations needed for processing strong-motion records are per-
formed using legacy Fortran code. In this paper, we show how to perform a careful analysis of
input/output data dependencies, and apply techniques such as parallelizing loops and adding task-
parallelism, producing an optimized version of the existing sequential implementation.

To our knowledge, our approach is the first to fully parallelize the processing of accelerographic
records when all three signal components are analyzed, leveraging the robust Salvadoran strong-
motion sensor network. We demonstrate the utility of our approach by processing data from 6
strong-motion events in El Salvador. On this data, our work outperforms the original sequential
implementation by a factor of 2.6x to 2.9x, benefiting seismology research and natural disaster

management, and aiding impact mitigation on society.



2.2 Background: Accelerographic Records Processing

When a seismic event occurs, proximal strong-motion sensors register its effects — Figure 2.1
shows an example of such sensors. Each sensor produces data files capturing three distinct compo-
nents: longitudinal, transversal, and vertical motions. These raw data files, denoted as uncorrected
versions, are stored with a VI extension, and contain the ground’s acceleration, velocity, and dis-
placement over a defined temporal window. The number of files needing to be processed per
seismic event depends on nearby sensors’ availability and the event’s magnitude. In the following,

we will outline the processing steps for each file.

Figure 2.1: Seismic station and accelerograph [9, 10]

The components of the accelerographic data (e.g., Figure 2.2) are individually stored in files
named according to the format [station][comp].v1. Subsequently, a Hamming band-pass filter is
applied to each component, utilizing default parameters. This processing step generates corrected

versions of the signals, which are then saved with a V2 extension.
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Figure 2.2: Accelerographic data (one component)



Following this correction, a Fourier transformation is performed on each signal (e.g, Figure
2.3) resulting in files marked with an F extension. Notably, the velocity Fourier spectrum of each
signal holds significant importance, as its analysis yields the low-pass frequency (FPL) and low-
stop frequency (FSL) parameters, highlighted in red in Figure 2.3. These are used in the definitive
acceleration baseline correction of each signal. Moreover, the peak ground acceleration (PGA)

values are extracted and archived.
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Figure 2.3: Left: Inflection point in the velocity Fourier spectrum, indicates the values of the FPL. & FSL
signal filtering parameters. Right: Response spectrum (both plots include only one component).

The final corrected signals are derived by applying another Hamming band-pass filter, tailored
with the appropriate FPL and FSL parameters obtained from the Fourier analysis, and are subse-
quently stored in V2 files.

The most computationally intensive operation involves calculating the Response spectrum for
each corrected signal (e.g., Figure 2.3), saved with an R extension. This spectrum provides valuable
insights into the response characteristics of various building types during seismic events.

Finally, 18 Global Earthquake Model (GEM) files are created from the V2 and R files. These
serve as crucial inputs for subsequent processes. This information resulting from this processing of
strong-motion files is of considerable significance to structural engineers during the design phase

of new buildings, informing their decisions and enhancing structural integrity.



2.3 Sequential Implementation

The entire process used in the sequential version is segmented into 20 sequential steps, shown
in Figure 2.4. Each step, which we will refer to as a process, is either a function embedded within
C++ code, or an entire Fortran program. While certain processes are lightweight, others entail

substantial input/output operations, calculations, or plotting tasks.
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Figure 2.4: Sequential accelerographic records processing implementation

2.4 Optimizing the Sequential Implementation

Initial optimization involves the elimination of unnecessary processes. Detailed analysis of the

process uncovered the following redundancies.

1. The plotting of uncorrected signals (P#6) is unnecessary and not utilized in this program.

Additionally, the [station|.ps files produced are subsequently overwritten in P#15.

2. Segmentation of each component of uncorrected signals into individual files (P#12) is super-

fluous, since no modifications are applied to V1 files during execution.

3. Overwriting intermediate files (P#14) is redundant; some data is not modified after P#5.



In summary, the exclusion of processes #6, #12, and #14 is feasible, and has no impact on the
final output. This optimization reduces the overall execution time and avoids overwriting data. The

resulting optimized sequential version is shown in Figure 2.5.
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Figure 2.5: Optimized sequential version: processes overview

(=]
o

—_
—_

2.5 Partially Parallelized Implementation

Establishing the foundation for parallelizing the workflow involves delineating all processes
and their dependencies, encompassing both inputs and outputs, as shown in Figure 2.6. These pro-
cesses have been categorized into nine stages, with each stage slated for parallelization employing
the specific strategies outlined on the right-hand side of the figure (we will elaborate further on
these strategies shortly). We analyzed the reordering of processes to ensure that it upholds valid
execution sequences while maximizing processor utilization across each stage.

We employed three distinct parallelization strategies, delineated as follows.

1. Processes #0, #1, #10, and #19 are exclusively implemented in C++. Thus, the initial focus
was on parallelizing these processes. Detailed explanations of how this was performed are

furnished in subsequent sections.

2. Processes #2, #5, #8, and #17 are implemented in Fortran, and exhibit minimal execution

times, prompting their parallelization through C++ OpenMP tasks.

3. Processes #9, #15, and #18, also implemented in Fortran, are characterized by the indepen-
dent processing of distinct signal types, and plot generation. Consequently, these tasks were

parallelized using C++ OpenMP tasks.



Using this strategy, we were able to parallelize 5 out of 11 stages, as depicted in Figure 2.6.

The specifics of the parallelization for each stage are detailed below.

Stage Individual processes dependencies If;;t:zl P;:rgllllel

! Task <

. Task <

. Seq Loop

v Seq Loop

v Seq Loop <«
v Loop <«

Vil Seq Loop <
X Seq Loop <«
X Loop <«

Al Task <

Figure 2.6: Processes reordering into 11 stages. Parallel approaches for each individual stage (rows) for the
first and second parallel versions (right-most columns) are detailed, as well as input/output dependencies for
each process.

2.5.1 Parallelizing Stages I and 11

Since a limited number of equally lightweight processes are involved, we chose a task-parallelization
approach. A parallel pragma is configured to utilize between 2 and 4 processors for task execution.
The single pragma restricts task assignment to only the main processor. A task-wait pragma is

necessary to synchronize the execution between both stages. In Stage I, processes operate inde-

10



pendently and do not require inputs. In Stage II, all processes create metadata files used in further

stages based on the [station][comp].v1 files list generated during Stage I.

|| #pragma omp parallel(

2 #pragma omp single({

3 #pragma omp task//Stage I processes:
" InitializeFlags();//P#0

5 fpragma omp task

6 GatherInputFiles ();//P#1

7 #pragma omp taskwait

9 #fpragma omp task//Stage II processes:

10 InitializeFilterParams () ; //P#2
1 fpragma omp task
12 InitMetadata (<acc-graph>, <fou>,<res>); //P#5
13 #fpragma omp task
14 InitMetadata (<fourier—-graph>) ; //P#8
15 #pragma omp task
16 InitMetadata (<response—graph>) ; //P#17

17 #pragma omp taskwait

Listing 2.1: Stages I and II: C++ Task parallelism using 2 and 4 processors.

2.5.2 Parallelizing Stage VI

Process #10 identifies inflection points within the velocity Fourier spectrum for each of the
three components. Concurrent analysis is conducted for each component. CalculateInflection
Point within the parallel for-loop employs an early-termination strategy while searching for slope
changes in data points for periods greater than one second. Although additional parallelization

opportunities exist, they were not pursued, since execution time was already small.

I|void AnalyzeFourier () {

//Read metadata (fourier—-graph file)

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

4 string files[3];//Input: <comp>.f files
5 float fsl1[3], fpl[3];

6 //Analyze L, T, and V plots

7 #pragma omp parallel for

8 for (int j=0; j<3; Jj++)

9 CalculateInflectionPoint (

10 files[j]l, £sl[jl, fplljl);

1 //Output: FSL & FPL values (filter param)

W

Listing 2.2: Stage VI: C++ parallel for loop using 3 processors.
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2.5.3 Parallelizing Stage X

Process #19 generates 18 GEM files for each input file. Specifically, six files are generated per
V2 and R file pair. Concurrent reading of each batch of files is facilitated in this stage, leveraging
the maximum number of available processors, given the typically substantial quantity of GEM
files produced. The function SetDataApart operates on each V2 or R file within the parallel for-
loop, generating three corresponding GEM files. This parallelized approach optimizes efficiency

by distributing the workload across all available processors.

I|void GenerateGEMFiles () {

2 //Read metadata (response file)
: string files[N=%2];

4 for (int 1=0; i<N; i++) {

5 files[ix2] = //Input: <s>.v2 files
6 files[i*2+1] = //Input: <s>.r files
7 }

8 #pragma omp parallel for

9 for (int 1=0; i<N%*2; i++) {
10 bool isR = //flag (odd/even)
B SetDatalApart (files[i], isR); //Output: <s><comp>GEM<2|R><A|V|D> files

Listing 2.3: Stage X: C++ parallel for loop using all available processors.

2.5.4 Parallelizing Stage XI

These plotting processes operate independently from one another and operate on different input
data. They receive V2, F, and R files as inputs and generate corresponding plot files, namely

[station].ps, [station]f.ps, and [station]r.ps.

|| #pragma omp parallel(

#pragma omp single({

3 #pragma omp task//Stage XI processes:
4 PlotFourierSpectrum();//P#9

5 #pragma omp task

6 PlotAccelerograph();//P#15

7 #pragma omp task

8 PlotResponseSpectrum();//P#18

9 fpragma omp taskwait

Listing 2.4: Stage XI: C++ Task parallelism using 3 processors.
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Expanding on this, the V2 files contain corrected signals, the F files store Fourier-transformed
signals, and the R files comprise Response spectrum data. The resultant plots provide visual rep-
resentations of the analyzed accelerographic data, aiding in interpreting and understanding the

seismic event under investigation.

2.6 Fully Parallelized Implementation
The parallelization of the remaining processes requires either Fortran OpenMP pragmas or
executing binary files concurrently within temporary folders. This implies the transfer of all input

and output data to and from these folders. We employed two distinct approaches:

* The parallelization approach for Processes #3 and #16 is via Fortran OpenMP do-loops,

enabling efficient concurrency within the existing Fortran codebase.

» Concurrent execution of processes #4, #7, and #13 inside temporary folders with required

data transfer is achieved through C++ OpenMP for-loops.

All processes except #11 are parallelized (Fig. 2.7), due to its execution time being less than two

milliseconds on average. We describe specific approaches used in each stage.

o Heavy 1/O o Heavy FLOPS @) Plotting ATask parallelism A Parallel loops
Full Parallelization
A A A A A A A A A A A
| | [0 oioim!] ]l mlml 1@
0&1 2,5,8&17 3J 4J 7J 1OJ 11 13J 1GJ 1QJ 9,15&186
A A A A A A A A A A

Figure 2.7: Full parallelization: all stages are executed in parallel.
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2.6.1 Parallelizing Stage II1

Process #3 concurrently collects uncorrected acceleration data from all [station].v1 files and
generates an individual file [station|[comp].v1 for each component.
This task is accomplished using Fortran OpenMP pragmas, including omp parallel and omp do,

which leverage all available processors for enhanced parallel execution efficiency.

1| c Read data (<station><comp>.vl list file)
2| CSOMP PARALLEL
3l CSOMP DO PRIVATE (<variables>)

4/do i=1,N

5| c Read acceleration data

¢s|open (unit=ix4, file=. ., status="0ld’) -> Input:<s>.vl
71 C Write acceleration data per component

glopen (unit=i+x4+1, file=...) —-> Output: <s>1l.vl

olopen (unit=ix4+2, file=...) —-> Output: <s>t.vl

o] open (unit=ix4+3,file=...) -> Output: <s>v.vl

11|end do

12| CSOMP END DO
13l CSOMP END PARALLEL

Listing 2.5: Stage III: Fortran parallel do loop using all available processors.

2.6.2 Parallelizing Stage IX

Process #16 starts by extracting metadata from the response file, that is, the list of individual
component [station][comp].v2 file names. Then, each file is read in parallel. The elastic response
spectra for acceleration, velocity and displacement are calculated for each component.

It is important to note that this process has a sequential complexity of O(9000 * N % D?)
where N is the number of input VI files, and D is the average number of individual data points
contained in each V1 file. Lastly, output data is stored in individual [station][comp].r files for each
component. The response spectrum data is used in processes #18 and #19, which generate plots
and create individual GEM files, respectively.

This parallelization is particularly significant for this process, because it not only takes the
longest to execute, but also achieves the highest speedup, as shown in Figure 2.8 of the experimen-

tal results. We use all available processors to maximize efficiency in this optimization effort.
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© Read metadata (response file)

C$SOMP PARALLEL

CSOMP DO PRIVATE (<variables>)

4/do i=1,<3N> -> Each component in parallel

5| c Read acceleration data -> Input: <s><comp>.v2
open (unit=2«1i, file=...,status='01ld’)

71 C Calculate Response Spectrum

c Write output data

open (unit=2xi+1,file=...) —-> Output: <s><comp>.r
end do

CS$SOMP END DO

C$SOMP END PARALLEL

S

- © © ®

S

Listing 2.6: Stage IX: Fortran parallel do loop using all available processors.

2.6.3 Parallelizing Stage V

Process #7 is responsible for computing the Fourier spectra for acceleration, velocity, and
displacement of each component stored in all [station][comp].v2 files, with the results saved in
[station|[comp].f files. The parallelization strategy employed for this process mirrors that of

Stages IV and VIII, as detailed in the preceding section. All available processors are utilized

to optimize computational efficiency.

I|void ParallelizeFourier () {

2 //Read data (fourier file)

3 string files[N=x3];

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

5 files[3+i] = //Input: Folder name

6 files[3xi+1l] = //Input: <s><comp>.v2 files
7 files[3xi+2] = //Input: <s><comp>.f files

9 #pragma omp parallel for

10 for (int i = 0; 1 < N; i++)
1 //Create temp 3xi1i folder & fourier file
12 for (int 1 = 0; i < N; i++4)//Seq. to avoid races

13 //Move EXE to 3xi folder

14 #pragma omp parallel for

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

16 //Input: Move 3xi+l <s><comp>.v2 file

17 //BApply Fourier Transform on 3x1i folder
18 //Output: Move 3xi+2 <s><comp>.f file

19 //Delete remaining temp files

Listing 2.7: C++ parallel for loops using all available processors.
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2.6.4 Parallelizing Stages IV and VIII

Processes #4 and #13 share the same functionality. Specifically, they read the filter parame-
ters file to extract the values of FPL and FSL, and take all the individual [station|[comp].v1 files
as input. Subsequently, a Hamming band-pass filter is applied to each signal, resulting in a cor-
rected version of the acceleration values. These corrected values are then stored in individual

[station][comp].v2 files.

1|void ParallelizeCorrection () {
//Read data (filter params file)
: string files[Nx10];

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

S

5 files[10%i] = //Input: <s><comp>.vl files

6 for (int j = 0; J < 3; j++)

7 for (int k = 1; k <= 3; k++)

8 getline (i_data, files[10xi+3x7j+k]);
9 #pragma omp parallel for

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

1 //Create temp 10+1i folder and params file

2 for (int j = 0; J < 3; j++)

13 for (int k = 1; k <= 3; k++)

14 //Move 10xi+3*j+k <s><comp>.vl file
15 for (int i = 0; i1 < N; i++)//Seq. to avoid races
16 //Move EXE to 10x1 folder

17 #pragma omp parallel for

18 for (int i = 0; 1 < N; 1i++4)

19 for (int j = 0; j < 3; Jj++)

20 //Input: Move 10xi+3xj+2 <s>.vl file

21 //Bpply filters to signals on 10+i folder
» for (int j = 0; J < 3; j++)

23 //Output: Move 10%1i+3x3j+3 <s>.v2 file
24 //Output: (max values file)

25 #pragma omp parallel for

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

27 //Delete remaining temp files

Listing 2.8: C++ parallel for loops using all available processors.

However, the parallelization strategy for these processes differs significantly from the ap-
proaches used in the other stages. Due to the impracticality of modifying the original Fortran
programs, multiple instances are executed concurrently within separate folders. The primary task
involves creating these folders with all the necessary files, and subsequently copying the results

back. This approach maximizes processor utilization by harnessing all available processors.
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2.7 Experiments and Results

2.7.1 Experimental Setup

Our experimental dataset comprises 71 unprocessed accelerograph files from 6 seismic events
that occurred in El Salvador over the past decade. These events represent a diversity of stations
affected, and have varying numbers of data points within each raw file, ranging from 7,300 to
35,000. The original sequential implementation consisted of 2,297 lines of Fortran code. Our
fully-parallelized version was implemented with 653 lines of C++ code and an additional 337 lines
of Fortran code. The experimental platform used for the experiments was a 12th Gen Intel Core
15-12450H, 2.00 GHz, 8 Cores, 12 Logical Processors, 16 GB of RAM, 640 KB of L1 cache, 6.2
MB of L2 cache, and 12 MB of L3 cache.

2.7.2 Results per Stage

For this experiment, we assessed the parallel performance of each individual stage using data
from the seismic event with the most data in the experimental dataset, i.e., 384, 000 data points
distributed across 19 V1 files. Figure 2.8 illustrates that stage IX exhibits the longest execution
time among all stages, accounting for 57.2% of the original sequential implementation. However,
Stage IX also achieves the highest speedup, reaching 5.14x. Other parallel stages successfully
reduce the sequential execution time by more than half, achieving speedups of 2.2x, 2.0x, 2.6x,
and 2.1x for stages I-II, IV, VI, and XI, respectively. Furthermore, the remaining parallel stages
achieve speedups of 1.8x, 1.7x, 1.9x, and 1.5x for stages III, V, VIII, and X, respectively. Overall,

for this event, the speedup stands at 2.88x, as indicated in the bottom row of Table 2.1.

2.7.3 Results per Event

All available uncorrected accelerographs (V1 files) for each seismic event in the experimental
dataset were processed using the implementations explained in sections III to VI: Sequential Orig-
inal, contains 20 sequential processes; Sequential Optimized, contains 17 sequential processes;

Fartially Parallelized, utilizes 5 parallel stages; and Fully Parallelized, utilizes 10 parallel stages.
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Figure 2.8: Speedup per individual Stage (19 Files, 384k Data points)

Figure 2.9 shows a visual representation of each implementation’s execution times, and full

data is shown in Table 2.1. Execution time is linearly proportional to the total amount of data

points. While each implementation offers a performance improvement over its predecessor, the

fully-parallelized version demonstrates the most efficiency.
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Figure 2.9: Speedup per Event: exec. time is proportional to number of data points in each seismic event.

Table 2.1: Experimental Results. *Execution times are measured in seconds.

Event V1 | Data | Seq. | Seq. | Part. | Full | Speed
Files | Points | Ori.* | Opt.* | Par.* | Par.* | Up
Nov’18 5 56K | 76.6 | 64.1 | 619 | 32.1 | 2.39x
Apr’18 5 115K | 149.6 | 127.1 | 126.4 | 56.5 | 2.65x
Jul’19 9 145K | 174.9 | 161.3 | 154.8 | 68.1 | 2.57x
Apr’l7 | 15 | 309K | 358.6 | 351.2 | 327.9 | 131.5 | 2.73x
May’19 | 18 | 361K | 439.5 | 392.6 | 378.9 | 155.3 | 2.83x
Jul’19 19 | 384K | 483.7 | 426.0 | 412.2 | 168.1 | 2.88x
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We observe that the speedup increases proportionally with the number of total input data points,

as illustrated in Figure 2.10. The overall speedup ranges from 2.4x to 2.9x and appears to follow a

quasi-logarithmic trend.
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Figure 2.10: Overall speedup in parallel accelerographic records processing: problem size vs. speedup
(purple) and vs. data points per second (green).

The fully-parallelized implementation was able to process between 1,700 to 2,300 data points
per second, a significant improvement over the original sequential version, which processed 800
data points per second on average. This improvement also follows a quasi-logarithmic trend on the

problem size, as shown in Figure 2.10.

2.8 Discussion & Future Work

Although the number of seismic events contained in our experimental dataset is relatively small,
it offers a comprehensive range of real-world seismic data, generated in different geographic loca-
tions with a variety of equipment types and sampling rates. Although we used a relatively low-end
machine for the experiments, and performance may be further improved on a higher-performance
machine, our experimental platform is reflective of the types of machines used in practice in the
Salvadoran Observatory of Natural Threats. It is worth noting that the engineering work invested

in parallelizing each stage does not always directly translate to performance gains. Despite sim-
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ilar levels of effort, Stage IX provides the most significant improvements. Additionally, different
stages leverage available processors differently, with some using only a fraction while others fully
utilize all available resources. Our findings indicate potential for leveraging tools like OpenMP
to enhance Accelerographic Records Processing, though communication overhead remains a con-
cern. We also observed similarities in array management techniques across stages IV, VIII, and V,
resembling principles seen in MPI or CUDA programming.

While we believe our approach to be an important step toward the high-level goal of scaling up
strong-motion records processing, especially in regard to large-scale real-world datasets, there are
engineering and research challenges we plan to address in future work. Enhancing strong-motion
record processing could involve automatic translation of diverse legacy code into a single program-
ming language, such as C++, and using search-based techniques [11-13] to assist in parallelization
of the code, which could streamline development and improve overall efficiency. With adequate
time and resources, similar enhancements could extend to other seismic-related applications, as
well as processes related to other natural threats, like vulcanology and landslides.

Additionally, there is room for further optimization through the exploration of advanced par-
allel processing techniques like tiling, wavefront scheduling, and the polyhedral model. Further-
more, scaling our approach to larger experimental accelerographic datasets presents an exciting

opportunity to assess its performance and scalability in real-world scenarios.

2.9 Related Work

2.9.1 Strong-Motion Records Databases

Several initiatives worldwide have been dedicated to collecting and disseminating strong-motion
data to advance seismic research and hazard assessment. For instance, the ITACA project focused
on gathering, standardizing, and sharing strong motion data acquired in Italy since 1972. By 2010,
this database encompassed 7,038 waveforms from analog and digital instruments recorded during
1,019 earthquakes with magnitudes reaching 6.9 [14]. Similarly, the Salvadoran Accelerographic
Repository stores 6,787 strong motion records from 1,615 seismic events between the years 1966
and 2019. It scales up quickly; the most recent report shows 241 seismic events recorded just

during December 2023 [15]. Another example is the Indian Strong Motion Instrumentation Net-
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work, with around 220 accelerograph stations, which provides data from approximately 300 strong
ground motion records from 130 earthquakes [5]. Furthermore, a comprehensive database has been
established to study induced earthquakes in the Groningen gas field, Netherlands. This repository
houses over 8,500 processed ground motion recordings from 87 earthquakes, serving as a resource
for refining seismic hazard and risk models and conducting research in site response and ground

motion characteristics [16].

2.9.2 Earthquake Engineering and Urban Planning

Despite efforts to enhance safety through urban planning, indiscriminate development and
structural failures persist, leading to significant loss of life and economic damage [17]. To address
these challenges, there is a need to prioritize the development of resilient buildings and emergency
response efforts by mapping vulnerable urban areas and populations. While progress has been
made in evaluating individual facilities and distributed systems, greater integration and collabora-
tion are necessary to improve overall seismic resilience [18]. In El Salvador, the original sequential
code discussed in this paper was a component of a large project that united academia, industry, and
governmental agencies with the goal of updating building design codes. Various software tools
are utilized in earthquake engineering and seismic risk assessment, enabling different aspects of
the analysis process. High-performance computing clusters enable parallel job configurations for
handling buildings independently [18]. Neural networks like the multi-layer perceptron assess ur-
ban block vulnerability to earthquakes [17]. Additionally, software tools such as Obspy [19, 20]
and TSPP [21] are employed for ground-motion processing, aiding in structural design and seismic

evaluation [4].

2.9.3 Seismic and Volcanic Observatories

Software plays a crucial role in supporting natural-threat observatories by processing strong-
motion records, like the ones from El Salvador used in our experiments. A parallel approach,
similar to ours, using Python and MPI, enables efficient processing of strong-motion files, albeit
from volcanoes, demonstrating scalability with the number of events and processor cores [22].
In contrast, sequential software like Earthworm (developed by the USGS) and packages from the

Alaska Volcano Observatory provide robust tools for seismic data analysis and real-time monitor-

21



ing [7,23]. Additionally, the waveform suite from the University of Alaska Geophysical Institute
offers MATLAB code for waveform data manipulation, ensuring data integrity and program stabil-
ity [24]. These software tools are vital for monitoring seismic and volcanic activity and conducting

research in these fields.

2.9.4 Early Warning Systems

Software supporting early warning systems for earthquakes and tsunamis plays a pivotal role in
mitigating the impact of these natural disasters. The German Indonesian Tsunami Early Warning
System (GITEWS) Project has developed the SeisComP3 software package, which offers reliable
and fast earthquake location and magnitude estimation capabilities [1]. SeisComP3 is also used in
El Salvador as a real-time support tool that allows seismic technicians to visualize and handle cus-
tomized parameters for magnitude calculations. Furthermore, machine learning approaches, such
as Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks, are
utilized in Early Earthquake Warning (EEW) systems to issue alerts promptly [25]. Early warning
systems require rapid data processing and transmission to provide timely alerts, with mere seconds
dedicated to sensor data acquisition, processing, magnitude estimation, and decision transmission
to the warning server [2,26,27]. Overall, developing and deploying advanced software solutions
are essential for enhancing the effectiveness of early warning systems, thereby reducing the impact

of earthquakes and tsunamis on vulnerable communities.

2.9.5 General purpose seismology research

Parallel programming plays a crucial role in advancing seismology research by enabling the
efficient processing of strong-motion datasets. Computing Grids provide a platform for sharing
seismic data from diverse sources, facilitating seismic waveform analysis, and uncovering ob-
served regions’ geological features. The authors of [28] propose a framework for massively paral-
lel wavelet data processing of seismic waveforms. Software tools like Seismic Analysis Code offer
capabilities for processing multiple signals concurrently, enhancing research productivity and en-
abling detailed seismic event analysis [29,30]. A server-side tool [31] allows parallel processing
of accelerometric waveforms through a combination of Python for signal processing, Fortran for

parallel acceleration and displacement response spectrum calculation, and PHP for dynamic plot
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generation. Moreover, similar to our approach’s architecture, efforts to parallelize source code us-
ing High-Performance Fortran and OpenMP demonstrate a faster and more accessible approach to
simulating seismic radiation interactions with near-surface geological structures [8].

Nowadays, a considerable portion of scientific software operates sequentially. For instance,
the SEISAN seismic analysis system provides a comprehensive suite of programs written primar-
ily in Fortran, supplemented by some C code, facilitating earthquake analysis from both analog
and digital data sources [32]. Another example is the open-source software PASCAL Quick
Look eXtended (PQLX), which allows for detailed analysis of seismographic data records to
study ambient noise and detect earthquake events reliably [33]. Additionally, MATLAB soft-
ware like EQK_SRC_PARA enables estimation of earthquake source spectrum spectral parame-
ters, which are essential for analyzing seismic events and developing scaling laws for specific study
regions [34]. These programming tools offer valuable support for seismologists in analyzing seis-

mic data, understanding earthquake characteristics, and improving earthquake detection systems.

2.10 Conclusion

Our paper introduces a fully-parallelized approach for strong-motion record processing, mark-
ing a significant advancement over the original sequential version. Leveraging parallel loops and
task parallelization, our method effectively addresses the challenge of efficiently processing ac-
celerographic data, providing scalability and speedup roughly proportional to problem size. This
demonstrates the potential for parallel programming techniques to enhance scientific software,
playing a pivotal role in advancing seismology research. By enabling efficient data processing,
analysis, and simulation of seismic events, such software contributes to a deeper understanding of

seismic phenomena and aids in mitigating their impact on society.
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Chapter 3
Heterogeneity-Aware Software Performance

Characterization via Graph Machine Learning

3.1 Introduction

Software is becoming increasingly complex, longer, and more challenging to analyze. As
discussed in the previous chapter, manual optimization can sometimes suffice for time-critical
systems since some software is repeatedly executed invariably in the same environment.

However, as heterogeneous hardware becomes pervasive in research and industry, automatic
optimization becomes increasingly difficult. There is a growing need for not only fast but also
heterogeneity-aware methods for performance estimation to guide the optimization of these time-

critical systems. This chapter will explore how to achieve this through graph machine learning.

3.1.1 Motivation and technical challenges

As detailed in the following sections, there are three main challenges in using graph machine
learning to estimate the performance of software in a heterogeneity-aware manner. First, minor
changes in source code can result in significant performance variations, yet traditional source code-
to-graph representation models like ASTs and SSAs fail to capture these subtle differences.

Second, graph machine learning requires representation learning algorithms to convert graphs
into embedding vectors. While state-of-the-art graph embedding methods are effective, they are
computationally expensive and resource-intensive to train.

Third, machine learning needs large amounts of training data, but there is a lack of publicly
available datasets suitable for graph machine learning that are designed with heterogeneity in mind.
The more unique architectures are included and used to perform simulations and gather perfor-
mance metrics, the better and more robust machine learning models can be trained, thus allowing

them to generalize across new hardware architectures.
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Motivation example

The following code demonstrates a doubly nested for loop, with a minimal change in the order
of loop execution. This slight modification can significantly impact the performance of a program
handling large datasets in memory due to cache locality effects. Unfortunately, the most commonly
used graph representations for source code fail to produce distinct graphs for these two programs.

Both representations have the same number of nodes, and the edges connect identical nodes.

ilint main () { I|int main () {
2 int matrix[2][3] = 2 int matrix[2][3] =
3 {{1,2,3},{4,5,6}}; 3 {{1,2,3},{4,5,6}};
4 int i, J; 4 int i, J;
5 for (i = 0; i < 2; i++) // I s for (7 = 0; J < 3; Jj++) // J
6 for (7 = 0; j < 3; j++) // J |s for (i = 0; i < 2; i++) // I
7 matrix[i] [J]++; 7 matrix[i] [J]++;
8 return 0; 8 return 0;
o } 9| }
Listing 3.1: Motivation example 1J. Listing 3.2: Motivation example JI.

The only difference appears in the Static Single Assignment (SSA) form, where the content of
a node varies slightly. This variation is only detectable by specific graph embedding approaches
considering node content. However, most graph embedding algorithms focus on structural aspects,

making them incapable of distinguishing between these two performance-differentiated programs.
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goto <bb 6>; [INV] HH H goto <bb 6>; [INV]

Figure 3.1: SSA graph representation obtained with Motivation example 1J (left) and JI (right).
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3.2 Background

3.2.1 Graph Machine Learning
Graph Machine Learning (Graph ML) aims to make predictions or discover patterns using
graph-structured data as input. Some fields where it is used nowadays are: computer vision, NLP,

cybersecurity, bioinformatics, social media analysis, recommendation systems, smart cities, digital

humanities, semiconductor manufacturing, weather, air quality, and seismology.

Figure 3.2: Overview of Graph Machine Learning common tasks: (A) node classification, (B) link estima-
tion, (C) recommendation systems, and (D) graph classification.

3.2.2 Overview of Graph Representation Learning

The central problem in GraphML is finding a way to incorporate info about graph structures
into the ML models. The challenge from an ML perspective is that there is no straightforward way
to encode this high-dimensional, non-Euclidean information contained in a graph structure into a
feature vector [35]. The complexity of graph data entails significant challenges to existing ML
algorithms. For example, the common premise that instances are independent of each other no

longer holds for graph data because each instance, aka nodes, is related to others by links [36].
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Figure 3.3: Machine learning with graphs: Graph Representation Learning.

To use graphs in downstream machine learning and data mining applications, graphs and their
entities, such as nodes and edges, need to be represented using numerical features [37]. A way to
represent a graph is its adjacency matrix. However, its size is often very high in real-world graphs.

Mapping graph entities to low-dimensional vectors while preserving intrinsic graph properties
like graph structure and entity relationships is the goal of graph representation learning, also known
as graph embedding. GRL aims to obtain vector representations of graph entities (e.g., nodes,
edges, subgraphs, etc.) for its use in downstream tasks [38]. Obtaining an accurate representation
from raw graph data is a challenging task, as choosing the proper graph property to embed is an
issue of concern if a graph has many properties [39].

DEFINITION 1. Let G = (V, E') be a graph where V and E are the set of nodes and the set of
edges of the graph, respectively. Node embedding is a mapping function f : v; — R? that encodes
each graph’s node v; into a low dimensional vector of dimension d such that d < |V| and the

similarities between nodes in the graph are preserved in the embedding space.
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0.04 | 0.65|0.24 | 0.38
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0.05(0.51|0.72 | 0.86

Figure 3.4: Node embeddings. Adapted from [37]
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While edge, subgraph, and graph embeddings can be learned directly from graphs, most com-
monly, they are derived from node embeddings [37]. This downsampling strategy is called a pool-
ing operation. It is mainly used to generate graph-level representations based on node vectors [36].

DEFINITION 2. Let S = {G1, G, ... G, } be a set of graphs. Graph embedding is a mapping
function f : G; — RY that converts each graph of S into a low dimensional vector of dimension d
such that d < |S| and the similarities between graphs in the set are preserved in the embedding
space. Note that graphs do not have to be of the same size (amount of nodes) between them.

Whole graph embedding is usually done for small graphs such as proteins and molecules. These
smaller graphs are represented as one vector, and two similar graphs are embedded to be closer.
Whole-graph embedding facilitates graph classification tasks by providing a straightforward and

efficient solution for computing graph similarities [39].
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Figure 3.5: Graph embeddings.
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Visualizing embeddings is useful to understand how well the embedding methods learn from
the graph structure and node attributes. To be considered a good representation, vectors for similar
nodes should have shorter distances from each other; one way of calculating this is through cosine
similarity. It is common to use t-SNE [40], a widely-used dimension reduction algorithm, to
transform high-dimensional vectors into a two-dimensional space for visualization.

As the number of embedding dimensions decreases, less information about the input graph
is preserved; thus, downstream task performance will naturally drop. However, the decrease in

embedding size affects some methods more than others [39].
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3.2.3 Overview of Graph embedding algorithms

A graph and its elements can be represented for a particular application using carefully hand-
crafted features. For example, in anomaly detection applications, the nodes with the densest neigh-
borhood are more likely to be anomalous. Therefore, if we include the in-degree and out-degree in
the node representation, we can detect the anomalous nodes with high accuracy [37].

Extending on this idea, Graph Embedding typically refers to techniques that map nodes, links,
or entire graphs to a lower-dimensional vector space in an unsupervised manner. These embeddings

are used as features for downstream tasks in machine learning models.

Bag of nodes

The simplest approach to defining a graph-level feature is to aggregate node-level statistics. For
example, one can compute histograms or other summary statistics based on the degrees, central-
ities, and clustering coefficients of the nodes in the graph. This aggregated information can then
be used as a graph-level representation. The downside to this approach is that it is entirely based

upon local node-level information and can miss important global properties in the graph [41].

Random walks

These methods generate random walks for each node in the graph to capture the structure of the
graph and output similar node embedding vectors for nodes that occur in the same random walks.

DEFINITION 3. In a graph G = (V, E), a random walk is a sequence of nodes vy, vy, . .., v,
that starts from node vy. (v1,v;+1) € FE and k + 1 is the length of the walk. The next node in the
sequence is selected based on a probabilistic distribution.

DeepWalk [42] and Node2vec [43] are based on the Word2vec embedding method [44] in NLP.
Word2vec is based on the observation that words that often co-occur in the same sentence have a
similar meaning. Node2vec and DeepWalk extend this assumption for graphs by considering that
nodes that co-occur in random walks are similar. The difference is that DeepWalk selects the next
node in the random walk uniformly from the neighbor nodes of the previous node, while Node2vec

biases the walk based on two parameters, making it random, BFS, or DFS-like.
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Graph kernels

Graph kernels aim to compare graphs or their substructures (e.g., nodes, subgraphs, and edges)
by measuring their similarity [45]. This section focuses on two methods: graphlet and WL.

Graphlet kernels measure the similarity between graphs by counting subgraphs with a limited
size k [46] [47]. Formally, a graphlet kernel involves enumerating all possible graph structures of
a particular size and counting how many times they occur in the full graph [41]. The challenge
with this approach is that counting these graphlets is a combinatorially difficult problem, though
numerous approximations have been proposed [48].

The Weisfeiler-Lehman kernel uses a strategy of iterative neighborhood aggregation. This
approach aims to extract node-level features that contain more information than their local ego
graph and then aggregate these richer features into a graph-level representation [41] [49] [38].

This is considered to be a traditional strategy to test the homomorphism of two graphs using
color refinements. Several models improved the idea from the WL isomorphism test [50] [51].
This concept inspired various GNN models later, which aim to be expressive as powerful as the

WL test to distinguish different graph structures [52].

Algorithm 1 1-WL (color refinement)

Require: G = (V, E, Xy)

. 2 < hash(X,)Vv e V

2: while (c)v € V # (c"1)v € V do

3: c < hash(cI™t {{c-1 :w € Ng(v)} )V e V
4: return {{c, : v € V}}

—_—

Graph kernels are effective models with several advantages and disadvantages. For example,
naive implementations require massive resources since these methods are NP-hard; heuristics and
tricks are required for them to be scalable. Also, the above methods only focus on homogeneous
graphs in which nodes do not have side information. In the real world, graph nodes could contain

labels and attributes and change over time, making it challenging to learn node embeddings [38].
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Proximity Reconstruction

Large-scale information network embeddings (LINE) [53], is a shallow embedding approach.
It generates node embeddings that preserve the first and second-order proximities in the graph,
assuming that nodes with many common connections are similar. LINE trains two models that
minimize L, and L, separately, and then concatenates them to obtain the final embedding of a node
[37]. However, the global structure of graphs cannot be captured this way. A few variations try to

capture the higher-order proximity of nodes, but computational complexity remains a problem.

Deep Neural Network-Based

In recent years, large-scale graphs have challenged the ability of numerous graph embedding
models. Traditional models, such as shallow neural networks, cannot efficiently capture complex
graph structures. Based on the model architecture, models can fit into four main groups: graph
autoencoders, recurrent GNNs, convolutional GNNSs, and graph transformer models.

Structural Deep Network Embedding (SDNE) [54] is based on an autoencoder that reconstructs
a graph’s adjacency matrix and captures nodes’ first and second-order proximities. Unlike shallow

embedding, SDNE directly incorporates graph structure into the encoder using DNNs.

Spectral Graph Embedding

Spectral methods operate in the spectral domain and involve leveraging the eigenvalues and
eigenvectors of the graph Laplacian. These methods often require computing the graph Fourier
transform. When computing power is insufficient for implementing convolution operators directly
on the graph domain, several studies focus on transforming graph data to the spectral domain
and applying filtering operators to reduce computational time [55] [56] [57]. NOn-Backtracking

Embedding (NOBE) and its approximation (NOBEGA) are commonly used approaches [58].

Sub2Vec: Feature Learning for Subgraphs

Related to graph classification, [59] suggests learning the embedding of each graph by treating

them as a subgraph of a union of all the graphs. Then, leverage off-the-shelf classifiers.
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3.2.4 Graph representation of source code

As discussed earlier in this chapter, preprocessing is essential before applying machine learning
techniques to graphs. Raw inputs must be transformed into graph structures. This study’s primary
input data is source code written in C and C++. The scientific literature offers several well-known

graph representations for source code. This section will describe the most commonly used ones.

Abstract Syntax Trees (AST)

A tree representation of the abstract syntactic structure of source code. Each node represents
a construct, such as expressions, statements, or declarations. They clearly and concisely represent
the code’s structure, making it easier for compilers to perform syntax checking, optimization, and
code generation. Additionally, ASTs are useful for refactoring tools and code analysis tools that
need to understand the high-level structure of the code. However, a disadvantage is that ASTs can
become complex and difficult to manage for large codebases, especially when handling program-
ming languages with intricate syntax rules. Moreover, they abstract away some syntactical details,

which might be necessary for certain types of analysis, leading to the potential loss of information.

Control Flow Graphs (CFG)

A graph which illustrates the order in which individual instructions, statements, or blocks of
code are executed within a program. Each node in a CFG represents a basic block, which is a
sequence of consecutive statements or instructions without any branches, except at the end. The
edges between nodes indicate the potential flow of control from one block to another, capturing
the various paths a program might take during its execution.

The advantages of CFGs include their utility in various compiler optimizations and program
analysis tasks. They help detect unreachable code, identify loops and conditions, and optimize the
execution path. CFGs are crucial for static analysis tools that seek to identify potential errors and
vulnerabilities in code by examining all possible execution paths. However, the disadvantages lie
in their potential complexity for large programs, where the number of possible paths can become

overwhelmingly large. This complexity can make CFGs challenging to construct, visualize, and
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analyze. Additionally, CFGs primarily focus on the flow of control and do not capture the data

dependencies between variables, which might be necessary for more comprehensive analyses.

Static Single Assignment (SSA)

SSA is a property of an intermediate representation (IR) in which each variable is assigned
exactly once, and every variable is defined before it is used. This is achieved by renaming vari-
ables so that each assignment to a variable has a unique name. In SSA form, a control flow graph
(CFG) is annotated with ¢ (phi) functions, merging different variable values from different control
flow paths. What distinguishes SSA from CFG is that while CFG focuses on the program’s control
flow, SSA emphasizes the data flow by ensuring each variable assignment is unique and explicitly
defined. This unique assignment property simplifies various compiler optimizations, such as con-
stant propagation, dead code elimination, and common subexpression elimination, as it makes data
dependencies more explicit and easier to analyze. However, the main disadvantage is that convert-
ing a program to SSA form and maintaining it through various transformations can be complex
and computationally expensive. Additionally, introducing ¢ functions can make the intermediate

representation more difficult to handle, especially for large and complex codebases.

3.2.5 E-graphs and Equality saturation

Although e-graphs were originally developed in the late 1970s for use in automated theorem
provers, a more recent technique known as equality saturation repurposes e-graphs to implement
rewrite-driven compiler optimizations and program synthesizers [60].

The core idea of equality saturation is to represent a program in an intermediate representation
and repeatedly apply a set of equivalence-preserving transformations until no further transforma-
tions can be applied. The goal is to explore all possible equivalent versions of the program within
a certain space to find the optimal one according to some criteria, such as performance or sim-
plicity [61]. The process typically involves three main phases. Extraction: Convert the original
program into an intermediate representation. Saturation: Apply equivalence transformations to the

intermediate representation iteratively; each transformation produces a new, equivalent form of the
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program, which is added to the representation. Extraction: After the saturation phase, extract the

best version of the program from the intermediate representation based on the optimization criteria.

(a) Initial e-graph (b) After applying rewrite  (c) After applying rewrite  (d) After applying rewrites
contains (a x 2)/2. XX2—-ox <1 (xxy)/z > xx(y/z). x/x—>land 1Xx — x.

Figure 3.6: Applying rewrites to an e-graph adds new e-nodes and edges, but nothing is removed. Expres-
sions added by rewrites are merged with the matched e-class. The resulting e-graph has a cycle, representing
infinitely many expressions: a,a * 1,a * 1 x 1, and so on. Taken from [60].

Advantages of equality saturation are: Comprehensive Exploration, by representing multiple
equivalent forms, it can find optimal transformations that traditional optimization techniques might
miss; Compact Representation, E-graphs allow for an efficient representation of many equivalent
expressions, reducing redundancy; and Flexibility, it can be applied to various domains, includ-
ing compiler optimizations, program synthesis, and theorem proving. Known disadvantages are:
Complexity, computationally intensive for large programs or complex transformation sets; Termi-
nation, ensuring that the saturation process terminates can be challenging, as the space of possible
transformations can be very large; and Extraction Difficulty, extracting the optimal program from
the saturated e-graph can be non-trivial and might require sophisticated heuristics.

Egglog. Equality saturation was enhanced in 2023 by [62] when it was unified with Datalog,
another reasoning framework with many applications, extensions, and high-quality implementa-
tions [63]. Datalog is well-studied by the databases community, and practitioners use it to build
program analyses. They share a common setup: the user provides rules and an initial set of facts
(a term in EqSat and a database in Datalog), and then the system derives a larger and larger set of

facts from those inputs. Originally developed for Rust, it has a recent Python wrapper.
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3.3 Approach

3.3.1 Framework

We propose two approaches to address the downstream task of predicting execution time:
coarse-grained and fine-grained training strategies. The former performs training directly over
a whole dataset, while the latter employs a hierarchical approach where the same dataset is divided
into clusters, and individual cluster-wise regressors are trained and composed in a single model.
Both approaches can be treated as black or white boxes by the user at inference time.

Both approaches are divided into three stages: (1) pre-training or data pre-processing, (2) train-
ing, and (3) inference. The first stage includes three tasks: code-to-graph conversion, graph-to-
vector embedding, and database generation. The second stage is in charge of training all nine
algorithms considered. Lastly, the third stage corresponds to inference, where unseen inputs are
given to a black box (highlighted in blue in Figures 3.7 and 3.8), and predictions are obtained.

Coarse-grained approach. All combinations of available programs, code-to-graph methods,
embedding algorithms, hardware architectures, problem sizes, workload, and performance metrics
are gathered into the task of database generation. Then, six off-the-shelf learning algorithms are

executed on train-validation-test subsets; the metric we aim to minimize is the NRMSE.

Pre-training Training Inference
HPC & CP repositories HWs C program HW info
1
penc | | Fo0a || cog I I+Ad
NEet Adv. code2graph
v
code2graph Machine Learning graph2vector
3 “|  Algorithms x6 Y
existing Embedding vector
Database
graph2vector Generator ML Regressor ML Regressor
6 v
existing Performance prediction

Figure 3.7: High-level system overview: coarse-grained approach.
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Fine-grained approach. The task of graph-to-vector conversion is executed following the
approach suggested by [59] for graph classification, “to learn the embedding of each graph by
treating them as a subgraph of a union of all the graphs.” Instead of using a pooling operator as in
the coarse-grained approach, we used meta-nodes connected to all nodes inside each subgraph.

Training is divided into three sub-models. First, all input instances are clusterized using K-
Means based on performance metrics such as execution time, GFLOPS, and memory (RAM +
caches) bandwidth. The idea is to group programs with similar performance behavior together.

Second, a classifier is trained with Sub2Vec embeddings as inputs and clusters as outputs.
Lastly, one regressor is trained per cluster, aiming for lower NRMSEs than the coarse-grained
approach due to the similarity of program behavior inside each cluster.

Inference can be seen as a black or white box (highlighted in blue in Figure 3.8). Per input,
only two models are executed, out of the K + 1 models obtained, where K = #clusters. One will
classify the input program into a cluster based on its embedding vector; the other will predict the

execution time based on other input features such as HW specs, workload, and problem size.
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Figure 3.8: High-level system overview: fine-grained approach.
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3.3.2 Implementation

The majority of the code was written in vanilla Python, along with several other libraries.
However, database generation required a complex orchestration of several machines concurrently
executing bash scripts, compiling C code, performing Intel Advisor’s analysis, running Python
parsers, and gathering the results in a centralized GitHub repository.

It is important to mention that execution time and employed resources differ dramatically be-
tween stages. Database generation took around two months to execute and required more than
seventeen machines from the CS Department of CSU. Training took a day and a half for the coarse-
grained and around 12 hours for the fine-grained approach, running into the “bonito” and “wahoo”

machines with 6GB of GPU. Lastly, the average inference time is 0.407ms per unseen input.

3.4 System Overview

3.4.1 Egg-no-graph: Design of our code to graph representation

Starting from an SSA, an egg-no-graph can be understood as an e-graph, where e-nodes rep-
resent basic blocks (BBs), variables, operators, instructions, functions, and procedures. A type
system is needed to ensure compatibility in the e-graph, implemented as “classes” and “functions”
in Egglog [62]. Edges represent flow, both inter-BBs (among BBs) and intra-BBs (among instruc-
tions inside them). Last but not least, whenever a function is called, we add a pair of edges to and

coming from between the caller and the function’s initial and final basic blocks.

1 .
loop 2 L .......... 1 7 o \‘,/—\;s
<bb 5>: :
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goto <bb 4>; [INV]
else
goto <bb 6>; [INV]

. -: g 4 Vi ;)

- t — | e r =} )
<bb 4>: : \ - Matrix | 11
1 = matrix[i 3][j 4]; |: R g

: <bb 6>: . — —— " i
oo | - <P
2= 118=13+1; |
9 )
J

o

matrix[i 31 4] = 2; |\ = —3__.

= - { J \ ] \ \ P \ )\ J 3 VAN g

...... 4

Figure 3.9: Egg-no-graph representation or an equality saturated version of a given SSA (partial).
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There are four classes: Basic Block, Variables, Operations, and Functions. In Figure 3.9, we
used a color code to distinguish each class type. E-nodes colored in red are Basic Blocks, yellow
represents Operations, purple represents Variables, and a fourth color designates Functions; due to
Figure 3.9 being an example of a subset of an SSA which does not contain “entry” or “exit” basic
blocks neither calls to Functions or Procedures, thus the fourth color is not shown.

One of the most remarkable features of egg-no-graph is its creation process, which has linear
complexity over the content of a given SSA graph. This means that each SSA feature is visited
only once, eliminating the need for backtracking and ensuring efficient creation performance. The
reader can find all the algorithmic details at the Appendix A of this document.

The vanilla version of egg-no-graph stores constant values as numbers. This way, if a particular
value is utilized in different basic blocks of the same function, it will be stored in the same e-class.
We implemented a variation where each value is stored abstractly, mimicking how temporal values
are handled in SSAs. This means using a generic name instead of its actual value. Note: both

versions contain the same number of edges, but the modified one possesses more nodes.
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Figure 3.10: Partial view of Vanilla (top) and modified (bottom) versions of Egg-no-graph.

38



3.4.2 Bag of Colors: Design of fast WL-based graph embedding.

The 1-WL color refinement algorithm can be extended to any amount of graphs; this is known
as the W-L kernel where graphs are represented as bag-of-colors. It is computationally efficient and
closely related to GNNgs, as it enriches node colors by applying K-step color refinement algorithm;

thus, different colors capture different K-hop neighborhood structures.
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Figure 3.11: First and second iterations of the W-L kernel applied to four graphs.

It is capable of creating graph-level embedding vectors efficiently, as its time complexity per
iteration is linear with the number of edges, and its spatial worst-case scenario will be linear with
the number of nodes (one color per node). Its major disadvantage, though, comes when using the
vectors in machine learning models because some colors can be very sparse when the amount of
graphs or iterations is large. Example: in Figure 3.11, color 5 only appears in 1 out of 4 graphs; in
the next iteration, new colors that contain color 5 in their definition will be even less frequent.

Our approach is aware of this sparsity, and we address this issue by removing (from the bag)
those colors with lower standard deviation than a given threshold, thus keeping only those features
with more information content. Typical values for the threshold range from 0.5, 1.2, or 1.7; it will
depend on the specific graph dataset given as input. The higher the value, the more strict the color

filtering is. Thus, more iterations will be needed for the algorithm to finish.
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Algorithm 2 Bag of structural colors graph embedding

Require: S < {G,G2,Gs, ... G,}, threshold, k < vector length > Input graphs
Require: G; = (V;, E;)VG,; € S > Structural init
1: hash + (1,1) > Only one in general, all graphs share the same hash table
2: & + hash[1]Vv € V > One per graph. |c| = #iterations X #nodes
3: Bagj, g < [VilVGi € S > One per graph. [Bag’| = #colors
4: while |[Bag"| < k do
5. t, < aggregate(c, !t {1t w € Ng(v)P)Vo e V
6: hash < (t,, |hash| + 1)Yv € V A ¢, ¢ hash
7. ¢« hash(t,)Vv € V
8:  Bagl «+ |(c, =x|Vv e V)Vz €1l
9: Bag’ =Bag’'—Bag' | stdev(Bag,) < threshold > Received as function parameter

_
e

return Bag(, , VG, € S

We propose an improvement of this algorithm by changing the initialization of the colors.
Instead of using a constant value or a structural feature such as node degree, we can leverage

node types. We call this improvement a "bag of semantic colors" and it is particularly useful with

J1]2]3

heterogeneous and/or multipartite graphs (like e-graphs, which have a type system).
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Figure 3.12: Bag of semantic colors: 1st and 2nd iterations applied to four heterogeneous graphs.

Introducing types leads to a higher number of colors produced per iteration (since more combi-
nations can be obtained); this can be addressed by relaxing the threshold or using shorter vectors.

More iterations are generally better since they increase the K-hop neighborhood captured.
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3.4.3 Design of a heterogeneity-aware data set

We aim for our dataset to offer trainable instances not only to the model discussed in this
work but also a wide design space of other models related to graph embedding and performance
characterization. The core of our dataset is a set of scientific programs originally written in C/C++.

There are three dimensions of heretogeneity in our experiments. Firstly, each program will
process different problem sizes, thus offering variety in execution time, flops, and memory band-
width requirements. Secondly, each program will be executed on multiple machines with different
specifications. Lastly, each machine will be asked to execute the benchmark multiple times on
different days of the week, thus offering a variety of CPU and memory usage, “workload.”

From the embedding generation perspective, we aim to obtain all combinations of two factors:
code-to-graph representations and graph-to-vector embedding algorithms. We included as many
kinds of embedding approaches as possible inside this work’s limitations: random walk-based,

graph kernels, proximity reconstruction-based, DNN-based, and spectral-based.
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Figure 3.13: High-level overview of our data set’s methodology.

For this work, we focus only on execution time, but more metrics can be explored in future

work, like GFLOPS and memory (RAM and cache) bandwidth, as provided by Intel Advisor.
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3.5 Implementation and Evaluation

3.5.1 Task: Code-to-graph conversion

Our first task consisted of choosing which programs to use as our dataset’s core. Three widely

known repositories in the HPC and CP communities were selected for a total of 60 programs.

* PolyBench is a benchmark suite of 30 numerical computations extracted from operations
in various application domains like linear algebra computations, image processing, physics

simulation, dynamic programming, statistics, etc. [64].

* ACM-ICPC (Association for Computing Machinery—International Collegiate Programming
Contest) is a worldwide annual multi-tiered programming contest sponsored by IBM. It
brings together 50,000+ students worldwide per year from 3,000+ universities in 111 coun-
tries. Typical topics include data structures, sorting, dynamic programming, backtracking,

number theory, combinatorics, and greedy, graph, geometric, and network flow algorithms.

* Rodinia, a benchmark suite for heterogeneous computing. Rodinia includes applications
and kernels that target multi-core CPU and GPU platforms. According to its authors [65],
Rodinia covers a wide range of parallel communication patterns, synchronization techniques,

and power consumption. In this work, only a subset of Rodinia’s programs are used.
We selected a total of four graph representations, finally stored in EasyGraph’s format.

* Abstract Syntax Tree: obtained using gcc’s preprocessing tool and PyCParser library [66].
* Static Single Assignment: obtained with the help of gcc’s fdump tree “all graph” tool.

* HARP: is an UCLA end-to-end graph-based solution [67] for modeling HPC programs for
FPGA-based synthesis. It builds on top of (augments) GNN-SDE and PrograML,; refer to

Related Work for more details. A subset of 21 graphs of PolyBench programs is utilized.

* Egg-no-graph: handcrafted Python functions spanning 456 lines of code using the Egglog
library, taking SSA.dot files as input and generating EasyGraph objects as output. For further

details, please check the Egg-no-graph design in the “System Overview” section.
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3.5.2 Task: Graph-to-vector embedding

Once all the programs are converted to the graph representations detailed in the previous sec-

tion, the next task is to embed them in vectors. We utilized seven graph embedding methods:

* Deepwalk and node2vec: Based on random walks, these methods work at the node level

and obtain vectors by learning node occurrences on pseudo-random (biased) sequences.
* LINE: Another shallow embedding approach, it learns 1st and 2nd-order proximity of nodes.
* SDNE: It uses an autoencoder (deep neural network) to learn a graph’s adjacency matrix.

* NOBE and NOBE-GA: Focus on transforming graph data to the spectral domain; their

learning is based on the graph Fourier transform. Don’t escalate well with vector length.

* Bag of Structural Colors: Our version of the W-L kernel is the only method that operates

at the graph level. Similar in concept to a message-passing graph neural network.

We utilized the EasyGraphs library to obtain node-level features, and then we used average as
the pooling operator for all methods that need one. Vector lengths explored range from 2 to 256.

Execution time-wise, our implementation beats other methods by far. LINE and SDNE show
the longest execution time. NOBE and its approx. calculate short vectors fairly quickly but do not

converge in longer ones. Eggnog takes longer time than other graphs due to larger node amounts.
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Figure 3.14: Execution time of each combination of graph representation and embedding method (lower is
better in the vertical axis). The horizontal axis represents vector lengths. Note: Figure in log-log scale.
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3.5.3 Task: Database generation

Our database contains a total of 150M+ training instances, calculated as follows: 60 Programs
x 13 HWs x 12 Problem sizes x 8 Workloads x 6 Performance Metrics x (5 Graph Reps. x 9 Emb.
Algs. x 8 Emb. Sizes - 30 divergences) = 449,280 x 330 = 148,262,400 unique instances.

The remaining 2M+ instances were obtained during the fine-grained approach, where 3 Graph
Reps. x 8 Emb. Sizes x 21 Programs + 4 Emb. Sizes x 60 Programs = 744 were added to existing
13 HWs x 5 Problem sizes x 8 Workloads x 6 Performance Metrics = 3,120. Resulting in additional
744 x 3,120 = 2,321,280 instances. Adding up to 150,583,680 instances in total.

We are assuming one process at a time. While we are aware that generating training data on
shared machines may lead to errors, it is future work to extend to shared-memory multiprocessing.

Our high-level goal is to ensure generalizability across four dimensions: new hardware archi-
tectures, unseen programs, and resource usage in diverse circumstances, such as problem sizes and
workloads (memory and CPU usage) while answering Research Questions 3, 5, and 6.

When using the whole database, we suggest the train-validation-test distribution of Table 3.1.

Table 3.1: Distribution of independent variables among train-val-test subsets.

Variable Total Training Validation Testing

Hardware 13 9 2 2
Programs 60 52 4 4
Problem Sizes 12 8 2 2
Workloads 8 4 2 2

Sub-task: Data subsets for experiments

Each experiment focused on a particular subset of our database, detailed as follows.

* Dataset for Experiment #1: coarse-grained training | Eggnog vs. baselines.
Dataset for Experiment #2: fine-grained training | Eggnog vs. baselines.

We are limited to 21 programs due to state-of-the-art baseline HARP constraints.

* Dataset for Experiment #3: fine-grained training | Eggnog.

We used all 60 available programs: Polybench + ACM ICPC + Rodinia.
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3.5.4 Task: Experimental results #1: coarse-grained training

After a dense grid of models was trained on the dataset, mixing all input combinations of graph
reps and embedding methods, our experimental results are shown in Figure 3.15. We utilized
TensorFlow on the “bonito” machine of the CS department, whose specifications are HP-Z440-
XeonES5-1650v4, 6x3.6Gh, 16Gb RAM, and 6GB GPU.

Our graph representation, Egg-no-graph, in its variant (blue), offers the smallest normalized
root mean squared error (NRMSE) compared to other graph reps on average. In second place, with
almost the same average NRMSE we found Egg-no-graph (green) and AST (red). To our surprise,
HARP (black) presents the highest NRMSE on average.

Embedding method-wise, Figure 3.15 right, the best methods are node2vec, LINE, Deep-
walk, and NOBE-GA. It is encouraging to see that Bag-of-colors performs similarly to NOBE

and SDNE, though it is calculated in much less time.
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Figure 3.15: Normalized root mean squared error graph rep-wise (left) and embedding method-wise (right).

Going deeper into how each graph rep performed on each embedding method, Figure 3.16,
we find that Egg-no-graph performs consistently among methods. HARP performs best on Bag-
of-colors and worst on SDNE. AST performs best on node2vec and worst on Bag-of-colors. It is
interesting to note that Bag-of-colors performance varies dramatically with input.

The lesson we learned is that no embedding method performs best in all cases; it is a parameter
we should explore when dealing with future GraphML problems. On the other hand, SSA and Egg

are consistently better among all methods, while AST and HARP’s accuracy varies the most.
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This can be quantified and seen in Figure 3.16 (right), where the standard deviation for Egg-

no-graph is lowest among other graph reps, while AST and HARP’s standard deviation is highest.
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Figure 3.16: Detail of normalized root mean squared error per each embedding and graph combination
(left) and graph rep-wise standard deviation (right). Lower is better in both plots.

Lastly, taking a look at Figure 3.17 gives us a valuable insight: not all machine learning meth-
ods perform similarly. The best one by far is software vector machines (SVM), consistently giving
the best performance independently of the graph rep. The second place is neural networks. Ad-
aBoost consistently reported the highest error rates. Egg-no-graph variation gives the best result on

4 out of 6 machine learning models, equal result on SVM, and is outperformed only on AdaBoost.
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Figure 3.17: Normalized root mean squared error per machine learning algorithm (lower is better).

We found no clear trend in NRMSE vs. embedding vector size, reason why it is not reported.
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3.5.5 Task: Experimental results #2: fine-grained training

Using the same experimental setup, three executions were obtained per each combination of
graph representations (egg-no-graph, HARP, and AST), embedding sizes (N = 2, 16, 128), and
clusters (K = [2,25]). Averages are shown in Figure 3.18. Not only does our approach outperform
other graph reps on all embedding sizes, but it also reaches NRMSEs below 4%, the best result of
Experiment #1. Regarding vector lengths, small lengths report better accuracy on K between 2 and

9 (peaking at K = 5); longer vectors behave consistently better on clustering above K = 10.
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Figure 3.18: End-to-end NRMSE of Eggnog vs. HARP vs. AST for embedding vector sizes N=128 (left),
N=16 (center), and N=2 (right). Baseline is the best result of Experiment #1. Lower is better in all plots.

Considering that our fine-grained training approach is divided into three stages, it is important
to report egg-no-graph’s performance against baselines on each stage. Due to obtaining the best
results in Figure 3.18 and for brevity, we focus on reporting results for embedding size N = 128
in Figure 3.19. It is important to note that the merging point on all graphs is K = 21, where the

amount of clusters equals the number of programs in the subset. Other Ns behave similarly.
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Figure 3.19: Experiment #2’s partial performance comparison. Egg-no-graph outperforms baselines in all
sub-models: clustering inertia (left), classification accuracy (center), and regression error (right).
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3.5.6 Task: Experimental results #3: fine-grained training

In our last experiment, we explore eggnog’s behavior while training it over all 60 available
programs for different embedding sizes; we report a comparison, Figure 3.20, between end-to-end
NRMSE and overall training time. Both metrics appear to be proportional to vector length. Each
data point is an average of four independent executions ran on the “wahoo” machine of the CS
Dept., whose specifications are identical to those of “bonito,” used in Experiments #1 and #2.

Previously, we obtained the Sub2Vec-based DW Eggnog vectors for all 60 programs; average

times were: 0.485 (N=2), 0.495 (N=16), 0.898 (N=128), and 1.075 (N=256) seconds per program.
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Figure 3.20: Experiment #3’s main results: Eggnog end-to-end NRMSE while fine-grained trained over all
60 available programs for embedding sizes N = {2, 16, 128, 256} (left) and overall training times (right).
Baseline is the best result of CS793 poster, where eggnog was coarse-grained trained with all 60 programs.

Finally, we report the training times per each stage in the fine-grained trained model: K-Means
clustering, Random Forest classifying, and Gradient Boosting regression are shown in blue, orange,
and green colors, respectively, in Figure 3.21. Regression represents more than half the overall time

on N = 2, but remains constant; and it is surpassed by other sub-tasks on longer vector sizes.
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Figure 3.21: Detail of egg-no-graph training time per stage, per different embedding sizes.
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3.6 Conclusion

First, we introduced a novel code-to-graph representation based on equality saturation. Our ap-
proach utilizes e-graphs as its backbone. Second, we augment a graph kernel embedding method,
making it suitable for use in machine-learning environments. Its training time is orders of mag-
nitude faster, while its accuracy is similar to that of other algorithms, making it suitable for time-
critical systems. Lastly, we designed and created a dataset with 150M+ instances, mixing mul-
tiple programs, hardware architectures, performance metrics, code-to-graph, and embedding ap-

proaches. Our dataset can be easily escalated to suit future research project needs.

3.7 Future Work

* We look forward to finding out why the modified Egg-no-graph performs better on average

than the vanilla version. Also, design more variations and add languages (Fortran or Python).

* Provide a deeper characterization of the minimum number of clusters needed to outperform

coarse-grained modeling. Specifically, where baseline intersects on Figures 3.18 and 3.20.

* Compare our approach to other graph representations, such as PerfoGraph [68] and Pro-
graML [69]. Also, either broaden our program’s pool or restrict it to a particular domain,

such as ML-related applications. Find a tradeoff between accuracy and generalizability.
* Explore additional pooling operators other than average for node-to-graph-level conversion.

» Explore the usage of Sub2Vec’s approach with other embedding algorithms rather than

Deepwalk; particular focus will be given to our method, Bag of Colors.

* Explore vector combinations and concatenations; this means combining more than one ap-

proach into a single vector, perhaps guided by t-SNE visualizations.
* Implement the remaining Bag-of-Semantic-Colors and Graphlet kernels methods.

* Guide our research to a more verifiable path than the trial-and-error nature of traditional

machine learning algorithms; we plan to explore the usage of formal methods in Graph ML.
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3.8 Related work

In the last decade, since the publication of DeepWalk in 2014 [42], thousands of projects world-
wide have leveraged Graph ML and graph neural networks to tackle a wide variety of downstream
tasks; see Figure 3.22. Researchers from diverse fields have modeled all kinds of input data as
graphs to solve specific problems. The remarkable growth and success of Graph ML has slowly
expanded its applications into programming languages and program analysis. However, a key chal-
lenge in adopting the latest ML methods is the representation of programming languages, which

directly impacts the ability of Al to reason about programs [68].
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Figure 3.22: Popularity of graph representation learning models in the Scopus database. Taken from [38].

Where it all started: ‘“PrograML' Graph-based Deep Learning for Program Optimization
and Analysis. It is the baseline for the next papers.
Even though machine learning offers significant benefits for constructing optimization heuris-

tics, further research on two key ideas is needed to achieve the performance of an optimal heuris-
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tic. These key areas are a representation that accurately captures the semantics of programs and a
model architecture with sufficient expressiveness to reason about this representation [69].

PrograML stands for Program Graphs for Machine Learning; it is a graph-based program repre-
sentation that uses a low-level, language-agnostic, and portable format designed for use in machine
learning models to perform downstream tasks over these graphs. PrograML provides a general-
purpose program representation that equips learnable models to perform the types of program
analysis that are fundamental to optimization.

By the time of its publication, PrograML supported just LLVM and XLA IRs, but it currently
adds support for C and C++ code. It is implemented as a directed attributed multigraph. Message-
passing neural networks propagate information through this structured representation, enabling
whole-program, per-instruction, and per-variable classification tasks.

The motivation behind PrograML is to replace fragile and expensive hand-tuned heuristics
with data-driven statistical modeling in traditional compiler analysis tasks such as control flow
reachability, dominator trees, data dependencies, variable liveness, and common subexpression
detection [69]. A PrograML graph G = (VE) is constructed by traversing a compiler IR. Graph
construction is divided into three stages: control-flow, data-flow, and call-flow. The latest imple-

mentation achieves this in O(V +E) passes [69].

Input program

int FibCint x) {
switch (0 {

Compiler IR

define 132 @Fib(i32) #0 {
switch 132 %0, label %3 [
i32 0, label %9
32 1, label %2

32 %0, -1
11 132 eFib(i32 %4)
32 %0, -2
%7 = tail call i32 @Fib(i32 %6)
%8 = add nsw i32 %7, %5

; <label>:9:

%10 = phi i32 [ 1, %2 1, [ %, %1 1
ret i32 %10

}

(a) Compiler intermediate representation. (b) Construct control flow. (c) Add data flow for variables and constants. (d) Add call flow for call sites.

Figure 3.23: Construction of a PrograML representation for a simple C implementation of recursive Fi-
bonacci using LLVM-IR. Taken from [69].
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“PerfoGraph,”’ or how to augment PrograML by adding new functionalities based on number

embeddings and aggregate data types.

The authors proposed a graph-based program representation called PerfoGraph. The paper
describes how PerfoGraph is used for applications such as program analysis, performance opti-
mization, and parallelism discovery. PerfoGraph is a graph representation based on LLVM IR,
built on top of PrograML. The author’s claim is that despite PrograML’s success, this program rep-
resentation has shortcomings, especially for performance-oriented downstream tasks; PerfoGraph
addresses those limitations by introducing new functionalities, such as number embeddings and

aggregate data types, shown in Figure 3.24.
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Figure 3.24: PerfoGraph’s number embedding (left) and aggregate data types (right). Taken from [68].

The need for GNN-aided Automated Accelerator Optimization or why GNNs and FPGAs,
Field-programmable gate arrays, are friends.

In recent years, Field-programmable gate arrays (FPGAs) have become an alternative for re-
configurable, energy-efficient, high-performance computing. According to [70], FPGAs are not
yet widely adopted despite their potential advantages because of their complex programmability.

High-level synthesis (HLS) has freed computer architects from developing their designs in
a very low-level language and needing to specify exactly how the data should be transferred at

the register level. With the help of HLS, the hardware designers must describe only a high-level
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behavioral flow of the design. However, it still can take weeks to develop a high-performance
architecture, mainly because many design choices at a higher level require several minutes to hours
to get feedback from the HLS tool on the quality of each design candidate.

Recent research has demonstrated that leveraging learning algorithms can mitigate this prob-
lem. Graph neural networks (GNNs) have been found to be highly effective in the electronic design
automation (EDA) domain [71] [72] [73]. These works represent the input program or circuit as
a graph and utilize GNNs to summarize the graph properties and produce a vector for graph/node
embeddings. One of the main challenges is representing the HLS design (a C/C++ program with
architectural pragmas) in a way that captures all relevant details and is informative for the learning
model. It is common to utilize HLS as a black box and focus on developing efficient heuristics to

explore the solution space efficiently [74].

“GNN-DSE,” or how to augment PrograML with pragmas to explore design spaces and en-
able Automated FPGA Accelerator Optimization.

[73] proposes an approach to solve this problem by modeling the HLS tool with a graph neural
network (GNN) trained for a wide range of applications. The experimental results show that the
GNN-based model is able to estimate the quality of design in milliseconds with high accuracy

which helps search through the solution space very quickly.
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Figure 3.25: Architecture details of GNN-DSE: Database generator (top left), Graph generator (top right),
and predictive model (bottom). Taken from [73].
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GNN-DSE operates in three modes: training, inference, and DSE. During training, it takes its
database as the input and trains a predictive model to learn to estimate the design’s objectives until
convergence. In the inference, GNN-DSE takes a C/C++ code and the desired design configuration
as input and generates a graph representation. Then, it employs the trained predictive model to
estimate the design’s objectives in milliseconds. Lastly, the predictive model evaluates each design
configuration during the DSE phase. As visualized in Figure 3.26, the GNN encoder successfully
predicts configurations’ latency and assigns embeddings to each graph so that designs with similar
latency are clustered together. Once the exploration is finished, the top M designs are synthesized

using the HLS tool to augment the database with their true objectives.
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Figure 3.26: Visualization of the design configurations of a stencil via t-SNE. Each point represents a design
with colors indicating its latency value. Left: Designs represented by the initial features. Right: Designs
represented by the embeddings learned by GNN-DSE. Taken from [73].

“HARP,” or how GNN-DSE can be improved by adding pseudo-nodes and decoupling the
representation of programs and its transformations.

A common issue in GNNs is their performance degradation as the number of layers increases,
leading to a phenomenon known as over-smoothing [70]. This occurs when repeated graph con-
volutional layers create too similar node embeddings, thus losing important info about the graph
structure. This work addresses the long-range dependency issue in HLS kernels by proposing a

hierarchical graph structure, reducing the average shortest path in our benchmark kernels by 5x.
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Sequential blocks
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Figure 3.27: Example of how pseudo nodes shorten paths between actual nodes. Taken from [70].

In addition to that, the program structure and its transformations (in the form of pragmas)
are decoupled to enhance the model’s performance. This introduces a neural pragma transformer

(NPT), which models pragmas as learnable functions applied to the program representation.
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Figure 3.28: High-level overview of the HARP framework. Taken from [70].

Each point in Figure 3.29 represents a different design point from a different kernel and is
color-coded based on its kernel name. The GNN-DSE embeddings are interleaved when labeled

by kernel name, whereas HARP successfully clusters them based on the kernel they belong to [70].
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Figure 3.29: Comparison between GNN-DSE (left) and HARP (right) t-SNE visualizations of generated
graph embeddings, color-coded by kernel name. Taken from [70].
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“Python_graphs,” an open source library for representing Python programs as graphs, or

how to augment ASTs with control-flow data for its use in machine learning.

The most common graph representations of source code are the abstract syntax tree (AST),
control-flow graph (CFG), data-flow graphs, inter-procedural control-flow graph (ICFG), interval
graph, and composite “program graphs” that encode information from multiple of the aforemen-
tioned graphs, possibly with additional program-derived data [75].

Python_graphs library’s functionalities are generating control-flow graphs, performing data-
flow analyses, generating composite program graphs, and computing the cyclomatic complexity
of Python programs. The python_graphs library implements a single kind of composite program
graph based on [76]. A program graph has the AST of the program it represents as its backbone.

Each node in the program graph directly corresponds to a single node in the AST, and vice versa.
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Figure 3.30: Example program and a tiny portion of its associated program graph. Adapted from [75].

According to [75], each syntax element in the program (leaf nodes in the AST) corresponds
to a syntax node in the program graph. Each edge in the AST also appears in the program graph.
The program graph then has additional edges representing the following relationships between
program pieces: next-syntax, last-lexical-use, cfg-next, last-read, last-write, computer-from, calls,
formal-arg-name, and returns-to. Collectively, the edges in a program graph convey control-flow,

data-flow, lexical, and syntactic information about the program.
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Extending to efficient search in big optimization spaces for non-FPGA kernels scheduling.

A kernel is defined as an abstract concept that supports different concrete implementations,
each called “kernel schedule”. Kernel schedules differ due to the application of code transfor-
mations, such as tiling, thread blocking, and loop unrolling, merging, or splitting [77]. Kernel
scheduling is an optimization problem whose objective function is running time: the faster a ker-
nel runs, the better that schedule is. It involves experimenting with compiler directives, environ-
ment variables, and compiler flags; all these influence performance, but their combinations are
unpredictable [78]. The problem of finding exact analytical solutions to kernel scheduling is open.
Typical techniques are stochastic, relatively slow, and provide no guarantees of optimality [77].
Usually, a search technique is utilized in a vast space of feasible performance optimization tech-
niques. There are two properties of the search space that make finding the optimal set of optimiza-

tion techniques difficult: its size and the non-smoothness of the impact on performance [78].

Performance Optimization Search Engine enhanced by User’s Prior Knowledge

The authors propose Open-Case, a Search-Space Description Language (SSDL), and imple-
mented an engine that tests the performance impact of optimization options by executing optimized

programs and checking their results. Two search algorithms are used: random and case-tree.

[Environmental variables]
OMP_NUM.THREADS=16
0. [Compiler flags]
—openmp —O3 —align array64byte —opt—prefetch=0
[ No unroll ] \ Unroll L1 | [Unroll L2 ] [Unroll L1 & L2] [Compiler directives ]

!DEC$ ATTRIBUTES ALIGN, !DEC$ ASSUME_ALIGNED
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Figure 3.31: A tree representation of the search space generated from all performance optimization tech-
niques considered (left) and an example of one optimization (right). Taken from [78].

OpenCase achieves better performance than conventional compilers because it can generate
search spaces based on the user’s prior knowledge of performance optimization. It achieved around
1.5x speed-ups from the original performance, but there is still room for improvement, as it only

achieved around 50% performance compared to the results from manual optimization.
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Chapter 4

Conclusion

The common thread of this work is to create the foundation for e-graph-based approaches and
tools for optimizing programs, such as auto-parallelization. We covered a manual parallelization
case study and are working on the first part of auto-parallelizing program synthesis.

We have demonstrated the potential of equality saturation-based code-to-graph representations
in performance characterization, an important aspect of time-critical systems optimization.

Our e-graph approach stands out from other code-to-graph methods due to its unique features.
First, our graph representation is “compositional”, meaning that similar code regions correspond to
similar structures within the e-graph. This feature enhances the e-graph’s ability to capture patterns
in the code. Second, our approach leverages the synergy between the more compact representation
and Graph ML algorithms. This means that less effort is required to map embedding vectors to
performance features, such as the number of loops, leading to more efficient performance char-
acterization. Third, our e-graph approach, Egg-no-graph, is not limited to capturing control flow
information like CFGs and SSAs. It also excels in identifying data dependencies in the program.
For instance, different instructions or expressions that utilize the same variable are stored only a
few hops away in our e-graph, even if they are many basic blocks away in the corresponding SSA.
This comprehensive data representation is a key strength of our approach. Fourth, in addition
to all the above, the Egg-no-graph is also more fine-grained than SSA because the reordering of
statements leads to different graph structures in the e-graph. Fifth, the e-graph-based approach is
supposed to capture dependencies between program expressions. It aims to approximate a fast &
lightweight static analysis; this work can be extended by formally analyzing our e-graphs.

Our results not only motivate further research in Graph ML-based performance characterization
but also open up a promising new horizon in heterogeneity-aware automatic optimization of time-
critical systems. We aim to guide our future research efforts to verifiable approaches and dive into

more real-world study cases, including but not limited to natural threats impact mitigation.
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Appendix A
Egg-no-graph: Design details

There are 24 ways of linking e-nodes in eggnog, which Egglog calls “functions”; please note
the use of lowercase to show the difference with our class type, “Function”, which stands for actual

Functions and Procedures (functions that do not have a return statement).

| @egraph.class_ i|def Mul(l: Var, c: Var, r: Var) -> Op

2|class BasicBlock (Expr) >|def Add(l: Var, c: Var, r: Var) —-> Op

3lelass Var (Expr) 3ldef Sub(l: Var, c: Var, r: Var) —-> Op

4| class Op (Expr) 4|def Div(l: Var, c: Var, r: Var) —-> Op

sielass Function (Expr) sidef Mod(l: Var, c: Var, r: Var) —-> Op

6 ¢s|def Seqg(l: Op, r: Op) —-> O

7| @egraph.function 71def GoTo(c: BasicBlock) —-> Op

gdef PHI(l: Var, c: Var, r: Var) —-> Op |s|def If(l: Op, c: Op, r: Op) —> Op

ojdef Gt (l: Var, r: Var) -> Op 9o|def Start (c: Op) —-> BasicBlock

ow|def Gte(l: Var, r: Var) -> Op n|def Assign(l: Var, r: Var) -> Op

in|def Lt (l: Var, r: Var) —-> Op in|def Array(l: Var, r: Var) -> Var

n|def Lte(l: Var, r: Var) —-> Op »2|def Matrix(l: Vr, c¢c: Vr, r: Vr) -> Vr

31def Eg(l: Var, r: Var) —-> Op 3ldef Caller(c: Function) —-> Var

4|def Neqg(l: Var, r: Var) -> Op 4|def Procedure (c: Function) -> Op
i5|def Entry(c: BasicBlock) —-> Function

Listing A.1: Eggnog’s classes and functions. s [deERERE (e Eas e loc kN e ton

Egg-no-graph creation has linear complexity over the content of a given SSA graph, meaning
that each SSA feature is visited only once, eliminating the need for backtracking. Algorithm 1,

used to convert an SSA to its Eggnog representation is explained as follows:

* We create the sets BB, VAR, and FUN; which will store all basic blocks, variables, and
functions/procedures. Each SSA graph contains one or more functions. It is important to
note that functions are not connected between them; this means there is no edge in the graph

to link a function’s call with its definition (its first basic block).

* There is a main while-loop which will be executed per each SSA instruction, there are four
possibilities: functions, entry or exit-basic blocks (first and last BBs of a function), edges
(stored by gcc always at the end of a function definition), and all remaining basic blocks; for

the latter, its content is shown in Algorithm 2, due to space constraints.

* Lastly, we link the function’s calls and returns (or simply the end, in the case of procedures)

with the function’s definition; this means the first and last basic blocks.
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Al

gorithm 3 SSA2Eggnog algorithm

Require: SSA > File stream of SSA.dot content

1
2
3

R N A

10:
11:
12:
13:
14:
15:
16:

17

18:
19:

20

: egraph = EGraph()
: BB, VAR, FUN = &
: while next(SSA) # End-of-file do > Only one pass is needed
if SSA € Srunciion then
fun_name <— parse(SSA)
FUN[fun_name] <— egraph.constant(Function)
else if SSA € Sg,y Or SSA € Sgy; then > Entry and Exit basic blocks
fn, bb < parse(SSA)
BB[fn][bb] < egraph.constant(BasicBlock)
else if SSA € Sgg,. then > All edges
fnsource’ bbsourcea fndesta bbdest A Parse(SSA)
egraph.register(union(BB[fnggyce | [bbsource ])- With(BB [fnges | [bbgest]))
else if SSA € Sg.sicBlock then > Remaining basic blocks
fn, bb < parse(SSA)
BB[fn][bb] < egraph.constant(BasicBlock)
execute Basic Block Content Processing > Algorithm 2
: for each e in FUN do
egraph.register(union(e).with(egraph.let( Entry(BB[e[fn]][2]) )))
egraph.register(union(e).with(egraph.let( Exit(BB[e[fn]][1]) )))
: return egraph

Algorithm 2 is in charge of processing the content of all basic blocks, detailed as follows:
* First, declare the “OP” set, which will contain all BB operations (aka instructions).

* If statements require storing all variables, comparison operators (>, >, <, <, =, #), goto

instruction for both destination BBs, and the if itself (blue).
* Binary operations (x, +, —, /,mod) require storing all variables and the operation itself (blue).
* Goto and return instructions, an e-node is created with the linked basic block (blue).

» Assignments, the instruction which has the most possible specific scenarios. Depending on
the case, we store function calls, array or matrix indexing, or variable storing. Lastly, an

e-node is created, linking both the left and right-hand sides of the instruction (blue).
e Procedure calls are stored (blue) and then linked to its definition.

* We create an “sequence” e-node between each operation inside the OP set (purple). This has

to be implemented backward to ensure the original SSA order is maintained.

* Finally, the first instruction of the BB (blue) is linked to the BB itself.
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Algorithm 4 Basic Blocks Content Processing
1. OP =g, Cconstants =0
2: while next(SSA) # End-of-BB do
3: if SSA € S, then

4: v, a, b, link_name < parse(SSA)
5: VAR[z] + egraph.constant(z, Var) Vz € {v, a, b}
6: OP = OP U { egraph.let( PHI(VAR[v], VAR[a], VAR[b]) ) }
7: else if SSA € S;; then
8: lhs, c, rhs, fn,, bb,, fny, bby, < parse(SSA) > ¢ € {Gt, Gte, Lt, Lte, Eq, Neq}
9: v < rename(v, fn, bb, C\,,5) Yo € {lhs, rhs} > Updates Copst
10: VAR[z] + egraph.constant(z, Var) Vz € {lhs, rhs}
11: comp <— egraph.let( c(VAR[lhs], VAR[rhs]) )
12: goto, < egraph.let( GoTo(BB[fn,][bbs]) ) Vz € {a, b}
13: OP = OP U { egraph.let( If(comp, goto,, gotoy) ) }
14: else if SSA € S,, then
15: lhs, opl, op, op2 <— parse(SSA) > op € {Mul, Add, Sub, Div, Mod}
16: v < rename(v, fn, bb, Ceyns) Vo € {lhs, opl, op2} > Updates Cppst
17: VAR[z] < egraph.constant(z, Var) Vz € {lhs, opl, op2}
18: OP = OP U { egraph.let( op(VAR[lhs], VAR[op1], VAR[op2]) ) }
19: else if SSA € Sy, or SSA € S,c1yrn, then
20: fn, bb < parse(SSA)
21: OP = OP U { egraph.let( GoTo(BB[fn][bb]) ) } > When return happen: bbyeym=1
22: else if SSA € Syssignmen: then
23: lhs{var,arr,mat}, rhs{var,arr,mat,fun} <— parse(SSA)
24: v < rename(v, fn, bb, C\,,s) Yo € {lhs, rhs} > Updates Clypst
25: VAR[z] + egraph.constant(z, Var) Vz € {lhs, rhs}
26: if rhsy,, # @ then > Repeat for lhsgy,
27: rhsgna <— egraph.let( Caller(FUN[rhsg,]) )
28: else if rhs,,, # & then
20: rhsgn, <— egraph.let( Matrix(VAR([rhs,,, ], VAR [rhs,],VAR[rhs ;,,(]) )
30: else if rhs,; # @ then
31: rhsgna < egraph.let( Array(VAR[rhs,, ], VAR[rhs]) )
32: else rhsg,, < VAR[rhs,,]
33: OP = OP U { egraph.let( Assign(lhsgn,,rhsgna) ) }
34: else if SSA € Sy, ocequre then
35: fun_name <— parse(SSA)
36: OP = OP U { egraph.let( Procedure(FUN[fun_name]) ) }
37: if IOPI =1 then > If there is only one, there is no need for seq
38: head + OP
39: else
40: head < egraph.let( Seq(OP,, -, OP,, 1))
41: for i< [n-2, 1] step —1 do > Merge all operations with seq
42: head < egraph.let( Seq(OP;_1, head) )

43: egraph.register(union(BBs[fn][bb]).with(egraph.let( Start(head) )))
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