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Abstract

Containers are transforming scientific computing by simplifying the
packaging and distribution of applications. This enables researchers
to create and deploy their applications in isolated environments
with all necessary dependencies, enhancing portability and deploy-
ment flexibility. These advantages make containers especially suit-
able for High Performance Computing (HPC) facilities like the Oak
Ridge Leadership Computing Facility (OLCF), where complex sci-
entific applications are being developed and deployed. In this work,
we investigate the performance of containerized machine learning
(ML) applications in comparison to bare-metal execution on the
Frontier Exascale supercomputer. Specifically, we aim to determine
whether ML models, when trained and tested within containers
on Frontier using Apptainer, exhibit performance similar to that of
bare-metal implementations. To achieve this, we use containers to
package and run Convolutional Neural Network (CNN)-based ML
applications on the OLCF Frontier and Odo supercomputers and
assess their performance against bare-metal runs. After conducting
scalability tests across up to 30 nodes with 1680 AMD EPYC CPU
cores and 240 GPUs, we find that the performance of the container-
ized ML applications is at par with that of bare-metal runs. We
apply the lessons learned from our containerized ML model to con-
tainerizing and evaluating performance of LLMs like AstroLLaMA,
and CodeLLaMA on Frontier.
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1 Introduction

The Internet Data Center (IDC) projected that the total volume of
collected data will reach an estimated 175 zettabytes, equivalent to
1.92 x 10 gigabytes, by 2025.[2]. With this growing global data
market, technological advancements in computer hardware, and de-
velopment of efficient algorithms and data analysis techniques have
attracted huge attention in the global economy. It requires a lot of
advanced computational resources and efficient algorithms to effec-
tively manage such a massive amount of data. High-Performance
Computing (HPC) provides an avenue to tackle some of these issues
as it addresses data and computationally intensive operations at
very high speed by utilizing its multiple nodes to tackle problems
in parallel.

Running these data and computationally intensive applications
at large scale requires efficient optimization and data management.
This can be achieved effectively through container technology. Con-
tainers are lightweight software packages that bundle applications
along with their dependencies into a single unit. These unique fea-
tures provide a huge advantage when managing complex workloads
in HPC facilities. Recently, containers have gained great popularity
because of their lightweight and portable nature. In a portworx and
Aqua security survey conducted, 87% respondents among 500 IT
professionals mentioned that they were running containers in their
companies[16]. This growing usage of containers has impacted the
field of machine learning (ML) by providing isolated, scalable, and
reproducible environments for the evaluation of ML models.

Machine learning models can be trained using various techniques
including Linear Regression, Logistic Regression, Binary Classifica-
tion, Random Forests and Decision Trees, depending on the type
of dataset and requirements of the model. These algorithms can be
used in image recognition, traffic prediction, autonomous vehicles,
fraud detection, and academia. Due to the significance of these
applications, machine learning research has been growing signifi-
cantly in recent years. HPC systems support distributed workloads,
making them optimal for research in these topics.

Training large models requires hardware such as central pro-
cessing units (CPUs), graphics processing units (GPUs), and field
programmable gate arrays (FPGAs)[23]. While these hardware are
fundamental for machine learning algorithms, their architecture
plays a crucial role in enhancing efficiency. In particular, evolu-
tion of multi-core and many-core architectures in CPUs has been
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groundbreaking in parallel computing. Although CPUs are con-
sidered as core components of computing, a platform built with a
mix of CPUs, GPUs, and FPGAs or many core CPUs are preferred
for performing these complex operations due to their efficiency
and support for parallel computing required for handling compute
intensive operations.

Key among most powerful computers in the world are those
deployed by the Department of Energy’s (DOE) Office of Science
User Facilities (UF). Among the User Facilities are the Leadership
Computing Facilities (LCF), Argonne Leadership Computing Facil-
ity (ALCF), and Oak Ridge Leadership Computing Facility (OLCF).
OLCF deployed Frontier, the first supercomputer to break the ex-
ascale barrier on the Top500 list with a High-Performance Lin-
pack (HPL) of 1.102 quintillion floating-point operations per second
(FLOPs) in 2022.

In this work, we use Frontier to investigate the performance
of containerized machine learning (ML) applications compared to
bare-metal implementations. We draw from lessons learned in the
containerization of ML models to containerize and test LLMs on
Frontier. We assess the performance of the models in each environ-
ment and provide recommendations to users in containerizing such
workflows on Frontier.

Our text is organized as follows. In Section 2, we describe con-
tainer technology in brief. We then present and discuss recent
containerization technologies including Podman, Docker and App-
tainer. We compare the pros and cons of some of these technologies
and present the reasoning behind using Apptainer as our container-
ization technology. In Section 3, we discuss work related to con-
tainerizing scientific applications and narrow down to container
usage in ML. Section 4 provides details on the architecture of the
systems used in this work with a deeper dive into the ML model
and data-set used. We present our results in Sections 5 and 6. Specif-
ically in Section 5, we discuss performance from our containerized
ML model compared to native implementations. In Section 6 we
apply containers to LLMs on Frontier and evaluate the performance.
We provide an overview of next steps in Section 7 and summarize
our findings and recommendations for users of containers within
HPC in Section 8.

2 Background

In this section, we provide an overview of containers, including dif-
ferent container build and orchestration tools. We further highlight
the portability and scalability of these container technologies and
their usage within different fields of science such as ML/AIL

2.1 Container Technology

With the growing need of cloud applications, it has become impor-
tant to make applications portable. Moreover, it is also crucial to
run the same application on a single computer encapsulating the
data to that specific application.

Virtualization and containerization are two commonly used tech-
niques for hosting multiple applications on a single computer. Vir-
tualization uses a hypervisor, which sits on top of the operating
system, to divide the system into independent virtual machines.
Containers, on the other hand, use the host system’s kernel to iso-
late multiple instances of containers. By sharing the host kernel and
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operating system, containers avoid the overhead of virtualization
in terms of memory, speed, and disk resources, thereby providing
higher performance with fewer resources. It is also worth mention-
ing that containers can bind to host-specific libraries and files at
runtime (a process known as bind-mode), potentially offering per-
formance comparable to native implementations. If the container
strictly uses libraries and files installed within it at runtime, it is
said to be running in hybrid-mode.

We discuss a couple of container build and runtime tools in the
subsections below:

2.1.1  Podman. Podman is used to develop, manage and run con-
tainer ecosystems using the libpod library[3]. Podman is daemon-
less, which makes it secure since it does not require root privileges
to run containers. It also supports Open Container Initiative (OCI)
and Docker images, thus, making it possible to run docker images
without requiring docker in a rootless environment.

2.1.2  Docker. Docker is a lightweight, easily deployable container-
ization technology that isolates applications and its dependencies
inside a virtual container. Initially, Docker heavily relied on Linux
Containers (os-level virtualization technology) but moved to its
own created module called libcontainer [6]. These virtual contain-
ers can be built, shipped and run inside various environments by
users, offering huge advantages in terms of portability, scalability,
speed, delivery and maintenance[20]. Docker made containeriza-
tion technology famous by focusing on scalability and flexibility.

2.1.3  Apptainer. Singularity was developed by Greg Kurtzer while
working as HPC systems architect at Lawrence Berkeley National
Laboratory (LBNL). It was later renamed as Apptainer and added
as a Linux Foundation project in 2022. Apptainer focuses on per-
formance, reproducibility, and security. It is more suitable for HPC
environments and makes integration easier for multi-node applica-
tions by providing support for services like MPI.

2.2 Comparing Apptainer and Docker in HPC

Docker runtime in some cases requires elevated privileges to run
containers. It provides applications a means to gain root access of
the system that they are running on. Apptainer filled this security
gap in container technology by allowing users to create and run
containers without root access. Figure 1 compares the architec-
ture of Docker and Apptainer. In Apptainer, a privilege separation
model called non-setuid mode is used to prevent users from esca-
lating privileges once they are inside a container. Admins can limit
Apptainer’s user on the system to binding only specific directories.
Apptainer can also generate cryptographically signed images for
additional security. The difference in performance for the most
common operations is virtually same for both setuid-root and non-
setuid mode[4]. These features of Apptainer make it secure to build
and run containers on multi-user systems like HPC environments.

2.3 Machine Learning

Containers have been used in various fields of science including
Bioinformatics, Meteorology, Astronomy and Machine Learning
[15] [25] [7]. While its popularity varies across different fields, Ma-
chine Learning is one field where it has gained significant presence
in the last couple of years.
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Figure 1: Comparison of internal structure of Apptainer and
Docker

Machine learning provides computers the ability to mimic human
behavior, gradually improving its accuracy. Some early footprints
of machine learning were seen by different researchers, in statistical
methods by Nilsson (1965) and in neural networks by Rosenblatt
(1962)[8]. Over the years, many advanced methods have been de-
veloped, including statistical and pattern recognition techniques(k-
nearest neighbors, discriminant analysis, Bayesian classifiers), in-
ductive learning of symbolic rules(decision i, decision rules, logic
programs), and artificial neural networks(multilayered network
with backpropagation, Kohonen’s self organizing network)[8].

Sahu et al. [19] emphasized how machine learning (ML), deep
learning (DL), reinforcement learning (RL), and deep reinforcement
learning (DRL) are used to develop accurate predictive models.
With the help of containers, these models can be packaged and de-
ployed into several environments, making their usage for predictive
modeling less stressful and efficient.

As a result, we apply the concept of containers in this work in
packaging and testing the performance of a Convolutional neural
network(CNN) based model for image recognition. The Convolu-
tional neural network (CNN) model is an artificial intelligence (AI)
system based on multi-layer neural networks that can identify, rec-
ognize, and classify objects as well as detect and segment objects
in images[21]. CNN is best known for hiding complex layers and
requiring less human supervision, making it one of the most pop-
ular algorithms[21]. Generally, CNN is developed by combining
Convolutional layers, Pooling layers, activation function, and fully
connected layers[21]. They are very popular specifically in binary
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classification algorithms, hence, the motivation for their usage in
this study.

2.4 Parallelism in Pytorch

Training image recognition models, such as Convolutional Neu-
ral Networks(CNNs), on a single CPU is feasible but often time
consuming. A single CPU system can process the data and per-
form necessary computations, but the limited resources (CPUs and
memory capacity) makes the training process significantly slower.
Unlike these kinds of systems, supercomputers like Frontier com-
prise several nodes with many-core CPUs and efficient GPUs which
can be used in implementing and optimizing models like these.

Within Pytorch are different parallel training paradigms that can
be utilized for faster model training and in essence benefit from the
computational prowess of a system like Frontier. We itemize and
provide details about these parallel training paradigms in PyTorch
below.

2.4.1 Data-Parallel (DP). With Data-Parallel, input is split across
the specified devices by chunking in the batch dimension[17]. Dur-
ing the forward pass, the module is replicated across devices, with
each replica handling a segment of the input, while in the backward
pass, gradients from all replica are summed back into the original
module[17].

2.4.2 Distributed Data-Parallel (DDP). Distributed Data-Parallel is
a feature that provides data parallelism by synchronizing gradients
across each model replica[18]. As a result, it does not chunk input
like in DP. Data-Parallel (DP) is usually slower than Distributed
Data-Parallel (DDP) even on a single machine due to GIL contention
across threads, per-iteration replicated model, and additional over-
head introduced by scattering inputs and gathering outputs[10].

3 Related Work

Though computer scientists and developers appreciate the isolation
provided by containers and containerized applications, there is still
skepticism in running compute intensive algorithms like machine
learning models within containers. However, a great deal of work
has been done to analyze the performance of various applications
within container frameworks.

In recent work, researchers investigated features of apptainer
and its effect on the runtime of computations within a container [15]
[13]. Younge et al. [26] also examined the application of Singularity
on Cray systems and benchmarked the performance overhead on
HPC systems. Abraham et al. [1] on the other-hand, compared the
use of Singularity, Docker, Podman, and Charlie-cloud on HPC
systems, focusing on performance with the Lustre file-system.

With the increasing adoption of containerization tools in High-
Performance Computing (HPC), it is crucial to evaluate their perfor-
mance on various applications, including different fields of machine
learning. In particular, image recognition which has been widely
studied using different machine learning approaches such as con-
volutional neural networks (CNN) and deep belief networks (DBN).
Wu et al. [24] proposed that classification accuracy rate of CNNs
are comparably higher than that of DBNs. Taye [21], also, further
explained in-depth the underlying layers of CNN along with its
importance in the classification problem in a recent work.
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Numerous studies have been conducted by researchers to high-
light the role and importance of CNNs within machine learning.
Q. Liu et al. [12] argued that CNNs represent the state-of-the-art
model for image recognition, while Li et al. [11] analyzed their
building blocks and various applications. In this paper, we evaluate
the performance of this state-of-the-art model for image recognition.
We will assess its performance from within a container compared
to native implementation.

4 Experimental Setup

This study used two Oak Ridge Leadership Computing Facility
(OLCF) resources, Frontier and Odo. In the following subsections,
we provide details on the architecture of these OLCF resources.
We applied the concept of containers to Artificial Intelligence ap-
proaches by using CNN based machine learning algorithms in build-
ing models on Frontier and Odo. These kinds of model are resource
intensive, requiring intensive vector manipulation and I/O opera-
tions to process large amounts of data efficiently. We further applied
lessons learned from our ML model containerization to container-
izing and testing LLMs on Frontier.

We setup our machine learning experiments in Section 5 such
that the same PyTorch model, running natively on Frontier and Odo
is containerized and executed from within a container. This is to
ensure a leveled ground for testing. Our LLM experiments are also
setup in Section 6 and follow a similar setup as 5. Apptainer v1.3.2-1
is used as the container build and runtime tool in building container
images on Frontier and Odo. The container images from Apptainer
are in Singularity Image Format which are OCI artifacts. Definition
files for building these images follow the Apptainer definition file
format and consists of compiler installs, python interpreter and Py-
Torch needed to run the application. We installed miniforge within
the container to activate the conda environment used for PyTorch.
Specifically, we installed ROCM/5.7.1, Python/3.9.12, PyTorch/2.2.2,
and torchvision/0.17.2 within the container.

4.1 Architecture of Frontier and Odo

Frontier consists of 74 Olympus rack HPE cabinets, each with 128
AMD compute nodes, and a total of 9,408 AMD compute nodes[9].
The AMD compute nodes have 64-core Optimized 3rd Gen EPYC
CPUs (with 2 hardware threads per physical core). Each node also
contains [4x] AMD MI250X, each with 2 Graphics Compute Dies
(GCDs) for a total of 8 GCDs per node. The 8 GCDs can be thought of
as 8 separate GPUs each having 64 GB of high-bandwidth memory
(HBMZ2E). The Frontier interconnect is HPE Cray Slingshot and it
also mounts a Lustre file system for storage. Unlike Frontier, Odo
mounts a GPFS file system but has the same architecture as frontier.
Since it is for open enclave training events, it has 32 nodes dedicated
for training purposes.

Figure 2 shows the structure of Frontier Compute node which
has 64 core CPU and 8 GPUs.

4.2 Datasets

The dataset used in this experiment was obtained from UC Berke-
ley’s official directory of CycleGAN Datasets [5]. It comprised 2418
images which we split into training and testing sets following a
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Figure 2: Frontier Compute Node Diagram from OLCF
docs. (https://docs.olcf.ornl.gov/systems/frontier_user_guide.
html)

(9]

20:80 ratio respectively. We modified the layout of the datasets such
that it follows the pattern shown below in Fig.4.2.

test_set

apple2orange

266 images

248 images

885 images
1019 images

4.3 Our Model

We use convolutional neural network designed for binary classifi-
cation of images. It is implemented using PyTorch and uses several
convolutional layers, activation functions, batch normalization, and
pooling layers to analyze the image. In our model,

885 images
1019 images

nn.Conv2d (3, 64, 3, padding=1)

acts as convolutional layer, 3 input channels and 64 output chan-
nels with size of 3. nn.ReLU() is a Rectified Linear Unit which is
an activation function. nn.BatchNorm2d(64) is a batch normaliza-
tion layer which takes 64 input features. nn.MaxPool2d(2) is a
max pooling layer with size of 2. nn.Linear (512%3%3,2) is a fully
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connected layer that takes flattened input from the convolutional
layers and outputs 2 features for binary classification. When we
tested our model, we found the accuracy of the model to be near
94% as shown in Figure 3.

Loss Accuracy

r/\_ \//\ V/\

o
o MR AL

0 10 20 30
Epochs Epochs

Figure 3: Accuracy and Loss of our model

Listing 1: CNN Model

class ImageClassifier (nn.Module):
def __init__(self):
super (). __init__ ()

self.conv_layer_1 = nn.Sequential(
nn.Conv2d(3, 64, 3, padding=1),
nn.RelLU() ,

nn.BatchNorm2d (64),
nn.MaxPool2d (2))

self.conv_layer_2 = nn.Sequential(
nn.Conv2d(64, 512, 3, padding=1),
nn.RelLU() ,

nn.BatchNorm2d (512),
nn.MaxPool2d (2))

self.conv_layer_3 = nn.Sequential(
nn.Conv2d (512, 512, kernel_size=3,
padding=1),
nn.RelLU() ,

nn.BatchNorm2d (512),
nn.MaxPool2d (2))
self.classifier = nn.Sequential(
nn. Flatten (),
nn.Linear (in_features=512+3+x,
out_features =2))
def forward(self, x:
= self.conv_layer_1(x)

torch.Tensor):

= self.conv_layer_2(x
= self.conv_layer_3(x

)
)
self.conv_layer_3(x)
= self.conv_layer_3(x)

)

= self.conv_layer_3(x

E T T - A
Il

= self.classifier (x)
return x
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We began our experiments by training the CNN model using
multiple CPU cores and a single GPU on a node. We also imple-
mented the PyTorch Data-Parallel feature, which is a single process
with support for multithreads and capable of utilizing multiple
GPUs within a single node[10]. We further assessed the model
performance by using Distributed Data-Parallel (DDP), which is
multiprocess and works for both single and multi-node training[10].
DDP works with model parallel which splits data to multiple GPUs,
while Data-Parallel does not. When DDP is combined with model
parallel, each DDP process would use model parallel, and all pro-
cesses collectively would use data parallel with a possibility of
better performance.

We test our application using single node and multiple GPUs and
CPUs in both containerized and bare-metal environments. We also
utilized rocm-smi (library that provides interface to monitor and
control AMD GPU applications) to confirm the number of GPUs
being used. In addition, we tested our application using multiple
nodes and multiple GPUs using DDP.

5 Performance of Containerized ML Model

In this section, we discuss the varying tests performed in order to
evaluate the performance of our ML model. Sections 5.1 through
5.2.1 discuss results from the Odo implementation, while 5.3 dis-
cusses results from Frontier for our ML model. The evaluations are
considered on two fronts:

5.1 Single Node

We initially developed a model capable of training on a single node
utilizing multiple CPUs and a single GPU. This model did not use
the Data-Parallel feature within PyTorch. Figure 4 shows line graphs
of training time of this model. We evaluate the performance of the
model on a single node utilizing multiple CPU cores and a single
GPU. We observed the average training time for the model was
2815.25 seconds within a container compared to 2718.74 seconds
on bare-metal. This is slightly beyond a one (1) minute difference in
training time between the containerized model compared to bare-
metal, thus, we can say a comparable performance using the two
approaches.

For experiments conducted using multiple GPUs on a single
node, we implemented the PyTorch DP feature. This resulted in an
average training time of 659.59 seconds for containerized model
compared to 598.89 seconds for native runs as shown in Figure 5.
This is a minute of training time difference between containerized
and bare-metal runs and about 4x speedup compared to non DP
runs discussed earlier. We observed overall that as we increased
the number of CPUs for the containerized model, the training time
decreased rapidly but started to get slightly stable after 32 CPUs
within the container. For native runs on the other-hand, the training
time dropped more sharply from 8 to 16 CPUs and then stabilized
after 16 CPUs.

For increased number of GPUs, the model training time signifi-
cantly reduced, going from 1 to 2 GPUs. After 2 GPUs, the pattern
of training time followed a similar trend, depending on the number
of CPUs used for the containerized model. On bare metal, however,
we noticed a more substantial difference in performance between
using 2 GPUs and anything more than 2 GPUs.
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Figure 4: Performance of model without Data Parallel feature

Overall, the model consistently performed better when using
multiple CPU cores and 6 or 7 GPUs in both the containerized and
bare-metal environments as shown in Figure 4.

5.2 Scalability

For this section, we examine how the CNN model training scales
across multiple nodes. We start off with a single node with multiple
GPU runs and observe the performance as we gradually scale across
multiple nodes using MPI and multiple GPUs. For single node model
training, we measured the execution time from beginning of the
training iterations, evaluation at checkpoints, and exporting our
final model as a file. For multi-node on the other hand, we measured
the runtime from the start to the end of MPI initialization, training
iterations, saving model at checkpoints, and exporting our final
model as a file.

5.2.1 Multiple Nodes. When we moved to multiple nodes with
multiple CPUs and GPUs using Distributed Data-Parallel, we ob-
served a significant reduction in model training time across both
native and container runs. We observed an average runtime of 76.61
seconds across bare-metal runs and 73.62 across containerized runs
as shown in figure 6. This makes for less than 3 seconds difference
in runtime between containerized and bare metal implementations

Bishwo Dahal, Elijah MacCarthy, and Subil Abraham

1600.00

1400.00

1200.00
—e—1GPU

1000.00
—e—2GPUs
36PUs

800.00
46PUs
——5GPUS

600.00
—e—6GPUs
400.00 =7 GPus

—e—38 GPUs

Time in Seconds

200.00

0.00

Number of CPUs

(a) Performance of Model in Container

1600 ——1GPU

—e—2 GPUs

1400 3GPUs

4GPUs

1200
~—e—5GPUs
—#—6 GPUs

1000
—8—7GPUs
—e—8 GPUs

600

Number of CPUs

Time in Seconds
®
8
8

®
5
8
2
2

(b) Performance of Model on Bare metal

Figure 5: Performance of model with Data Parallel mode

with an almost 9x speedup (659.59 to 73.62 seconds) in model train-
ing compared to the DP approach.

5.3 Portability

In this section, we assess the portability of our containerized model
by moving it between Odo and Frontier. We port our container to
Frontier, where we test our model on multiple nodes using DDP.

5.3.1 Frontier. Since Odo is the same architecture and just a train-
ing version of Frontier, porting from Odo to Frontier is more of
plug-and-play. We needed to update the versions of some mod-
ules, including cray-mpich-abi and ROCM, to ensure compatibility
with Frontier’s environment. Additionally, we also adjusted the
paths to match Frontier’s file system. The performance of the model
on Odo can be found in 6, while that for Frontier is shown in 7. The
performance difference of the model on both Odo and Frontier in
the containerized environment is negligible for up to two nodes.
However, we see a higher performance difference as we increase
the number of nodes. The average performance of our model on
Frontier is marginally faster, with 1.97% less training time on Fron-
tier than Odo when running the model in the native environment.
In the containerized environment, on the other-hand, we see an
average of 2.88% less training time on Frontier compared to Odo.
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Figure 6: Performance of model with Distributed Data Paral-
lel in Multi-node environment on Odo

6 Applications to Containerization of Large
Language Models

Having been successful in containerizing machine learning models
and verifying their conformity in performance to native imple-
mentations on Frontier and Odo, we apply our lessons learned
to containerizing and evaluating performance of LLMs on Fron-
tier. Two LLMs we consider for containerization and performance
evaluations are CodeLLaMA and AstroLLaMA.

We provide details about these two models and their container-
ization process in the following subsections. It is worth noting that
these LLMs were decided on as a way to demonstrate to the LLM
user-base on Frontier and other User Facilities (UF) the possibility
of running LLMs from within containers on these Exascale systems
and the ability for the models to utilize multiple GPUs. The perfor-
mance of the models as they are implemented and scaled across
multiple GPUs is also assessed.

6.1 Containerizing LLMs

Our containerization process for LLMs is similar to the process
described above for our ML model. We write Apptainer definition
files that are used in building a SIF file of the container image. A
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Figure 7: Performance of model with Distributed Data Paral-
lel in Multi-node environment on Frontier

notable difference between the definition file for the ML model and
our LLMs is the building of Ollama and its AMD ROCM related
libraries within the LLM definition file. Ollama is an open-source
tool that allows creating, running and sharing LLMs.

CodeLLaMA is a Large Language Model built on top of LLaMA 2,
and is capable of generating and understanding code across various
programming languages, like, Python, C++ and Java. LLaMA 2 is
an open-source LLM developed by Meta. For more on LLaMA 2
which is the base image for CodeLLaMA, refer to [22]. We used the
70 billion (B) parameter version of CodeLLaMA, which is approx-
imately 39GB in size. Our CodeLLaMA LLM is built from ollama
using the definition file in Listing 1.

Listing 2: Apptainer Definition file for Building CodeLLaMA

Bootstrap: localimage
From:ollama. sif

%post
ollama serve&

%runscript
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ollama pull codellama:70b
ollama run codellama:70b

AstroLLaMA is our other LLM for containerization and perfor-
mance evaluation. It is specifically related to astronomy research
in that it can summarize astronomy research articles and provide
domain-specific literature [14]. LLaMA 2 is the base image used
in the development of the AstroLLaMA model. We used the 6.74B
parameter version of AstroLLaMA, which is approximately 7.2GB
in size. We show the definition file used for the AstroLLaMA model
in Listing 2.

Listing 3: Apptainer Definition file for Building AstroLLaMA

Bootstrap: localimage
From:ollama. sif

%post
ollama serve&

%runscript

echo "building astrollama from ollama"

ollama pull hf.co/UniverseTBD/astrollama.gguf
ollama run hf.co/UniverseTBD/astrollama.gguf

6.2 Performance Evaluation of LLMs on
Frontier

We run our LLMs from within containers on Frontier and track
the time to response when requests are sent to the model. We
assess the runtime from a CPU only model as well as a GPU im-
plementation. We vary the number of GPUs available to the LLM
using ROCR_VISIBLE_DEVICES and assess its impact on the per-
formance of the model. We used OLLAMA_SCHED_SPREAD=1 flag to
enable multi-GPU usage and evaluated the performance from 0
GPUs(CPU only) to 8 GPUs.

6.2.1 Evaluation of LLMs. Table 1 represents the runtime data of
two LLMs, AstroLLama and CodeLLama. We initially experimented
with a CPU only model and then a GPU aware model, scaling from
1 to 8 GPUs. The same question is passed to the models using
interactively allocated compute nodes on Frontier.

For CPU based (0 GPUs in table) AstroLLama model, we observe
a runtime of 11.02 seconds for the containerized model compared
to 12.20 seconds from bare metal. As GPUs are introduced to the
test, both environments demonstrate performance gains with the
containerized model recording a 3.58 seconds runtime compared to
5.96 seconds on bare metal. It is important to note however, that
as the GPU count increases, the runtime rather increases. This can
be best explained by the fact that the problem size is too small
to benefit from the additional resources (increased GPU counts)
beyond a certain threshold.

We see a similar trend with CodeLLaMA with the introduction
of a single GPU recording about 9x and 8.4x speedup for the con-
tainerized and native implementations respectively. This is from
a bare-metal runtime of 121.39 seconds for CPU only and 14.51
seconds for a single GPU addition. For the containerized model,
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131.42 seconds against a 14.66 seconds using CPU only and a single
GPU respectively.

7 Future Work

In this work, we conducted experiments using bind mode (-bind) to
run our PyTorch model in containerized environments. This means
that all host libraries and files (including mpi, specifically CRAY
MPICH) needed at runtime by the application were mounted into
the container, and therefore visible and accessible to the application.
It would be worth examining how hybrid mode runs impact the
performance of the containerized model and containerized ML
applications in general. With hybrid mode, libraries and software
installed within the container are used at runtime without mounting
host-specific libraries into the container at runtime.

Also, we plan to utilize multiple nodes for our LLM experiments
in the future as our current experiments only used single node with
multiple GPUs on the node. This will help in evaluating whether
multi-node runs result in any additional performance gains or result
in expensive communication overheads.

Finally, we plan to further explore the potential benefits of a
reduced container size by using multi-stage image builds, thereby
reducing the final image size. This is to investigate whether the size
of the container at startup has any bearing on overall performance
of the application within the container.

8 Conclusion

We have successfully demonstrated that ML and LLM applications
can be containerized and run on OLCF Frontier and Odo supercom-
puters with performance metrics comparable to native implemen-
tations.

Using a CNN-based image recognition model within PyTorch
framework, we have shown that ML based containers can scale
multiple nodes with performance equal to native implementations
on OLCF Frontier and Odo supercomputers. Specifically, we have
shown that when a containerized CNN model is scaled across up
to 30 nodes with 240 AMD MI250X GPUs and 1680 AMD EPYC
CPU cores using DDP, a performance improvement of about 9x is
realized compared to DP implementations on a single node.

Additionally, based on lessons learned in containerizing and
running ML models at scale, we have been able to containerize
CodeLLaMA and AstroLLaMA large language models on Frontier.
This demonstrates to the LLM user base on Frontier (and other Cray
HPC systems) that LLMs can be containerized from the ground up
and run successfully on Frontier without any performance penalty.
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