
Unified Performance Modeling Stack for Distributed GPU
Applications: Complementing Analytical Insights

with Machine Learning
Urvij Saroliya

urvij.saroliya@tum.de
Technical University of Munich

Munich, Germany

Eishi Arima (Advisor)
eishi.arima@tum.de

Technical University of Munich
Munich, Germany

Martin Kronbichler (Advisor)
martin.kronbichler@rub.de
Ruhr University Bochum

Bochum, Germany

ABSTRACT
Modern HPC applications increasingly use GPUs to solve larger
problems with higher accuracy and speed. However, committing
resources to these large-scale systems is often costly and time-
consuming. Hence, performance modeling enables developers to
estimate runtime, analyze scalability, and identify resource bot-
tlenecks in advance. In this work, we propose a unified software
ecosystem for end-to-end performance modeling of distributed
GPU applications. To this end, we propose a combination of an-
alytical and machine learning based modeling methodology, and
design a comprehensive software stack to combine the various
components for implementing such an approach. We validate the
proposed framework using two real-life applications and provide
performance estimations for the GPU kernel and inter-GPU MPI
communications.

CCS CONCEPTS
• General and reference→ Performance; • Networks→ Net-
work performance modeling.
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1 INTRODUCTION
Performance modeling is a structured mathematical way to es-
timate the performance of an application on a given computing
platform. It can enable application developers to get an estimation
for application runtime, identify scalability issues, and perform
guided application tuning, without committing compute resources
on a large scale. To this end, a performance model must address
the following concerns: (i) prediction accuracy: model should guide
the performance optimizations in the correct direction, (ii) inter-
pretability of results: it should help developers identify resource
bottlenecks and help in planning application tuning, and (iii) porta-
bility: in an increasingly heterogeneous and diverse computing
scenario, it should be possible to implement and extend the model-
ing approach to various target platforms. Portability becomes even
more crucial for GPUs, where GPUs from different architectures
across vendors are often employed in modern HPC systems. In
this work, we aim to address these three challenges and propose a
comprehensive methodology to implement performance modeling
as a unified software ecosystem.

Various performance models have been proposed using both
analytical and empirical methods. Analytical performance models
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Figure 1: Unified Software Stack Design for Performance
Modeling of Distributed GPU Applications

are often based on an abstract machine model of the underlying
architecture and propose simplified equations to estimate the per-
formance. Such approaches lead to interpretable results where ap-
plication developers can easily identify key resource bottlenecks.
However, for building an accurate analytical model, in-depth archi-
tectural details have to be considered, and hence, these approaches
often struggle with prediction accuracy. In contrast, machine learn-
ing uses empirical data to learn from the performance data and pro-
vide accurate estimates. Nevertheless, ML-based approaches fail to
deliver clear application insights necessary for targeted application
tuning. Combining the benefits of analytical and ML-based mod-
els, we propose a hybrid approach, where we get initial estimates
and application analysis using analytical methods and improve
estimation accuracy using an ML-based error correction model.

2 UNIFIED SOFTWARE STACK DESIGN
As shown in Figure 1, we propose a software stack where we aim
to integrate various components to perform performance mod-
eling of a distributed GPU application. A performance model re-
quires application and system parameters; hence, our stack’s lowest
layer consists of 3rd-party tool integrations. For gathering applica-
tion parameters, we use GPU kernel profiling tools such as Nvidia
Nsight Compute [2] or AMD ROCProfiler [6], and Tau Performance
Tool [7] for MPI communications. On the other hand, we perform
microbenchmarking to collect system parameters. We integrate
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MT4G [9] to gather GPU specifications for Nvidia/AMD GPUs.
Lastly, we use OSU Micro-Benchmarks 7.5.1 [8] for network mea-
surements.

We implement an analytical performance modeling layer on top
of the tool integration layer. For GPUs, we extend and implement
the GPU warp parallelism model [5], where the model specifically
targets warp parallelism characteristics of GPU kernel execution.
The original model [5] does not consider caches; hence, we extend
themodel to filter cache hits to use the appropriate model parameter
values across the memory hierarchy. This model has been particu-
larly selected for its deeper architectural considerations for GPUs.
Next, for the MPI communication modeling, we utilize K-model [1],
a variant of the well-known postal model for MPI communica-
tions. This model explicitly differentiates between intra/inter-node
transfers, which is crucial for a multi-GPU scenario.

Lastly, we build our top-most layer for final analysis. Here, we
perform necessary error corrections to the performance estimations
from the underlying analytical models. To this end, we learn sepa-
rate ML-based models for kernel and MPI performance corrections.
We use a Gradient Boosting Regression technique to learn the error
correction terms for both analytical models.

3 RESULTS
We analyzed two real-life applications – (1) Helmholtz equation
solver with matrix-free implementation of high-order finite element
discretizations using deal.II Library [3] of CFD models (using up
to 2 nodes of 8x Nvidia A100 GPUs and 1 AMD Instinct MI210
GPU), and (2) Gromacs application [4] from Molecular Dynamics
(using 1 NVIDIA A100 GPU). The proposed workflow has achieved
estimation errors below 5% for GPU kernels (for adequate problem
sizes) and below 9% for inter-GPU communications. We aim to
conduct extensive evaluations by (1) evaluating other HPC and AI
workloads, and (2) comparing the methodology against other SOTA
modeling methods.
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