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Abstract

Efficient load balancing is critical for the scalability of distributed
scientific applications. However, there are several challenges for
applications to test new balancing strategies, including the need for
an easy workflow to validate different algorithms. This work aims
to tackle this particular challenge by presenting a toolbox designed
to streamline the collection and analysis of load balancing data from
WarpX, an advanced, fully kinetic particle-in-cell (PIC) code, based
on the AMReX framework. Our toolbox simplifies the extraction of
data from WarpX and enables developers to conduct statistical load
balancing inferences over real data efficiently. We demonstrate such
applicability by conducting a study with a laser-ion acceleration
simulation: we collect simulation data and compare six different
load balancing approaches, two in-production algorithms, and four
under investigation for future use.
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1 Introduction

Efficiently balancing workloads is crucial for scaling scientific ap-
plications. While achieving maximum hardware utilization is key,
testing new load balancing strategies is often complex due to chal-
lenges in collecting and analyzing performance data. This work
aims to tackle this particular workflow challenge by presenting a
toolbox designed to streamline the collection and analysis of load
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balancing data from WarpX, an advanced, fully kinetic particle-in-
cell (PIC) code [2]. This code is based on AMReX, a block-structured
adaptive mesh refinement (AMR) software framework primarily
used for solving partial differential equations [8]. As part of its func-
tionalities, AMReX offers load balancing algorithms to efficiently
distribute AMR grids/boxes to different threads or GPUs based on
their computational costs, improving software scalability.

2 Toolbox Overview

Our toolbox leverages one of WarpX’s “Reduced Diagnostics” to
collect load balancing costs. These costs can be either embedded
timers or a "heuristic" (a weighted counting of meshes and parti-
cles in each box). After defining the input parameters, the toolbox
runs a simulation, records costs throughout execution, and parses
these data into a CSV file. With the parsed balancing costs, users
can run different load balancing algorithms through our toolkit to
understand their applicability better and make informed decisions
about optimal parallelization strategies.

Currently, this toolbox supports strategies in two main cate-
gories: partitioning and communication-approximation algorithms.
There are two partitioning algorithms that distribute AMR boxes
to workers based solely on each box’s cost:

e Knapsack: a greedy algorithm that first orders the boxes by
weight, and then assigns the next heaviest box to the lightest
rank. AMReX/WarpX supports this strategy [6].

e Karmarkar-Karp [3] (a.k.a. least difference): repeatedly takes
the two largest numbers/tuples from a set, replaces them
with their difference, and sorts the list. The tuples are formed
by repeatedly assigning the largest number to the subset with
the smallest sum to minimize the total difference.

Communication-approximation algorithms distribute AMR boxes
to workers based on their location on the grid, grouping proxi-
mate boxes to reduce communication costs. Two such solutions are
implemented:

o Space Filling Curve (SFC): Also supported by AMReX/WarpX
[6] as the Z-order SFC, this strategy orders the boxes by their
proximity in the grid and distributes them by a proportional
allowable weight (average). We extend this implementation
by adding a Hilbert SFC strategy.

o Painter’s Partition: using a similar ordering approach to SFC,
this method employs a binary search to find the most efficient
partitioning of work. The algorithm searches for a minimum
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"target weight" (or maximum time). If a partition is possible
within the target weight, it reduces the target to find an even
faster solution; otherwise, it increases the target [5].

The toolbox also includes strategies from a previous study on
AMReX load balancing, combining communication-approximation
with partitioning [5]. There are two hybrid implementations, pair-
ing the Z-Order SFC algorithm with Knapsack and the Painter’s
solution with Knapsack. Both use the SFC algorithm for inter-node
communication and Knapsack to efficiently distribute the workload
locally on each node. We also implement a Painter’s solution using
the Hilbert SFC strategy.

To demonstrate the applicability of our toolbox, a "Laser Ion
Acceleration with a Planar Target" simulation [1, 4, 7] was run and
used as a case study. Two different layouts were used, both with a
maximum box size of 512. The first domain (2688 x 3712, 48 boxes)
was tested on 4 and 8 GPUs, while the second (7488 x 14720, 435
boxes) was run on 24, 48, and 96 GPUs. Both layouts evolved for
5000 steps, with load balancing metrics collected every 100 steps.
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Figure 1: Workflow applied at our LB toolbox.

Figure 1 shows the toolbox’s workflow. First, simulation char-
acteristics are defined, and load balancing costs are collected. The
toolbox then runs the eight strategies using the parsed costs and
generates load balancing metrics, which can be analyzed using any
state-of-the-art statistical tools. Figure 2 demonstrates the load bal-
ancing efficiency over the simulation’s execution for each of the six
solutions. This is an initial example of a comprehensive overview
of the balancing algorithms that our toolbox allows.
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Figure 2: Load balancing efficiency over the execution of
the simulation. Each step represents a phase in the original
simulation where load balancing costs were collected.

From these results, it is clear that some algorithms, like Knapsack
and Karmarkar-Karp, have more peak regions than others. The pure
SFC solution also shows high peak values. These peaks represent
redistributions of work to improve efficiency by at least 10%. The
toolbox allows users to easily study how different minimum effi-
ciency values impact redistribution frequency for each algorithm.
Using the collected cost data, users can analyze how often each
algorithm redistributes work under various efficiency ratios. Figure
3 illustrates these results.

As the percentage to redistribute increases, fewer redistributions
occur for almost all scenarios. A follow-up analysis could corre-
late the redistribution of work with the algorithm’s efficiency to
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Figure 3: Bar plot demonstrating how many redistributions
can happen with various efficiency ratios.

identify potential improvements to the application’s performance.
This is easily addressed in our toolbox, where users can plot such
a correlation as depicted by Figure 4. In this figure, points closer
to 1 on the x- and y-axes are better. Both partitioning algorithms
present points in the best quadrant for most of the experiments,
possibly indicating that they offer reasonable balancing solutions.
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Figure 4: Scatter plot demonstrating the correlation between
the algorithm’s efficiency and redistributions of work. Points
closer to 1 in both x- and y-axis are better.

Finally, our toolbox also leverages the analysis of the total exe-
cution time of each load balancing algorithm to understand their
impact on the overall runtime. These results can be easily plotted
and analyzed, as shown in Figure 5.
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Figure 5: Bar plot comparing the total execution time spent
by each algorithm in the whole execution.

The Hilbert SFC strategy demonstrates a considerably higher
cost than the other solutions in all scenarios. This discrepancy
highlights a key area for further investigation, which the toolbox
can easily facilitate.

With that, we demonstrate the applicability of our toolbox and
how it enables users to focus solely on the load balancing explo-
ration of AMR-based simulations. For future work, we aim to extend
these tools to other AMReX-based applications. We also plan to
include memory constraints in the algorithms, considering memory
limits in each worker when assigning new workloads. Finally, we
also plan on using this toolbox to explore energy-efficient load
balancing strategies.
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