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1 INTRODUCTION
1.1 Roofline Modeling for GPU Kernels
The method we adopt to model performance of GPU kernels is
the quantitative roofline model [2], where the performance is predicted from two parameter files; one for GPU parameters and the
other for the application. We first obtain GPU parameters such as
attainable maximum FLOPS and memory bandwidth by executing
microbenchmarks on the target GPUs. Then we perform a profiling
run to obtain parameters for the kernels within the application. Kernel performance predictions for a target GPU are then generated
by combining the two parameter files.

1.2

MPI Communication Models

An analytical approach is widely employed to model MPI communication; latency-bandwidth model [1] for point-to-point messages
and recursive doubling [3] for collective communication such as
broadcast, reduction and allreduce. However, the communication
pattern needs to be determined either by inspecting the application
code or from knowledge of the developer.
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An increasing number of applications utilize GPUs to accelerate
computation, with MPI responsible for communication in distributed
environments. Existing performance models only focus on either
modeling GPU kernels or MPI communication; few that do model
the entire application are often too specialized for a single application and require extensive input from the programmer.
To be able to quickly model different types of distributed GPU
applications, we propose a profiling-based methodology for creating performance models. We build upon the roofline performance
model for GPU kernels and analytical models for MPI communication, with a significant reduction in profiling time. We also develop
a benchmark to model 3D halo exchange that occurs in many scientific applications. Our proposed model for the main iteration loops
of MiniFE achieves 6-7% prediction error on LLNL Lassen and 1-2%
error on PSC Bridges, with minimal code inspection required to
model MPI communication.
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Figure 1: MPI_Waitall Time in Halo Exchange Benchmark

2 METHODOLOGY
2.1 Building End-to-end Performance Model
To build a performance model for the entirety of the application, we
combine the GPU roofline model and MPI communication models
and integrate the concept of overhead. Overhead is the time spent
on operations other than kernels and communication, and it is
assumed constant as we model weak scaling. Weak scaling also
allows the model to reuse the estimated kernel times at larger scale.
Several improvements have been made to improve usability and
accuracy; profiling time for kernels has been significantly reduced,
and a benchmark was developed to better model the non-blocking
halo exchange communication patterns found in many scientific
applications. We reduced profiling time by aggregating multiple
profiling runs, limiting the profiling scope to only the time stepping
loop, and selectively profiling kernels that constitute most of the
execution time. For MiniFE, discussed in the next section, profiling
time went down from more than 4 hours to just 30 minutes.
The halo exchange benchmark was developed to model the
MPI_Waitall time in the non-blocking 3D halo exchange; only
up to 2 nodes are used and both intra-node and inter-node results
are combined for more accuracy. Figure 1 shows the computed
times from the benchmark used in the performance model.

2.2

Application Case Study: MiniFE

MiniFE1 is a proxy application for unstructured finite element codes,
part of the Mantevo project. We focus on the conjugate gradient
1 https://github.com/Mantevo/miniFE
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Figure 2: Actual and Predicted Times for MPI Communication and Iteration on LLNL Lassen

Figure 3: Actual and Predicted Times for MPI Communication and Iteration on PSC Bridges

(CG) solve portion of MiniFE, where most of the computation and
communication occur.
It should be noted that the author had little experience or knowledge of MiniFE; its code was minimally inspected to determine the
MPI communication pattern.

Prediction errors for kernels vary between 2-6%, and for MPI
communication they are between 1-21% with the largest error (21%)
from halo exchange at 4 nodes, as shown in Figure 3. The error for
iteration time is only 1-2%, however, due to the fact that predictions
for GPU kernels are very accurate, especially for MATVEC which
constitutes the majority of the time.

3

RESULTS

We evaluate the performance model for MiniFE created with our
methodology on 2 HPC machines: (1) Lassen, a CORAL-class supercomputer deployed at Lawrence Livermore National Laboratory,
and (2) Bridges, a XSEDE supercomputer deployed at Pittsburgh Supercomputing Center. Each compute node of Lassen has 4 NVIDIA
Tesla V100 GPUs, whereas Bridges has nodes each consisting of 2
NVIDIA Tesla P100 GPUs. Prediction error plots for GPU kernels
are omitted from the summary in favor of space; please refer to the
poster.

3.1

LLNL Lassen

From the weak scaling runtimes, we see that the overhead and GPU
kernel times stay mostly constant as expected. On the other hand,
time spent in communication increase with more nodes. To generate
the performance predictions, we use the measured overhead (820
µs), kernel times from the GPU roofline model, and communication
times from the MPI models.
Prediction errors for kernels vary between 8% and 10%. The actual and predicted times for MPI communication (both allreduce
and halo exchange) and iteration are shown in Figure 2. The prediction error for MPI allreduce is between 1% and 17%, with the
largest error at 1 node (4 ranks); for the halo exchange the error
is consistently 9%. With these combined, the predicted iteration
time has a prediction error between 6% and 7%, with the MATVEC
kernel contributing the largest error due to the relative scale of its
execution time.

3.2

PSC Bridges

On Bridges, no profiling run aside from the GPU microbenchmarks
was necessary; the application parameters obtained from Lassen
were used for GPU performance predictions. The measured overhead was 1001 µs.

4

CONCLUSION

We have seen that our performance modeling methodology requires
user input only for the communication models, as the rest of the
program are modeled via profiling. This allows our approach to
be easily administered to various applications and avoid extensive
code inspection. We have also improved usability by significantly reducing profiling time, and developed a benchmark that models halo
exchange with minimal resources. The accuracy of the performance
model has been evaluated with MiniFE on two separate platforms,
LLNL Lassen and PSC Bridges, which resulted in relatively small
prediction errors.
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