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ABSTRACT

As software and hardware concurrently advance, it’s important to design and
build ML frameworks that are hardware architecture agnostic. More specifically as
accelerators for ML workflows become more prevalent, the ability to have high level
code that can run across such accelerators would be highly beneficial by reducing the
need to rewrite code and libraries for each hardware. At the same time, advancement
in machine learning (ML) methods has enabled extraction of meaningful information
from large and complex datasets that have assisted in better understanding, diagnosing,
and treating illnesses such as cancer. This applies to applications beyond oncological
drug response and drug discovery including understanding complex plasma physics
phenomena.

This thesis focuses on designing and building scalable and portable machine
learning-based workflows while adapting them to new hardware architectures. This
thesis also includes scaling and improving performance of surrogate models that reduce
scientific simulations necessary for extracting insights. A phenomenon increasingly nec-
essary as scientific challenges increase in computational complexity. We demonstrate
the ideas using two case studies.

An improved drug discovery pipeline is designed for shorter development time-
lines through model enhancement and scaling on new hardware capabilities. The the-
sis investigates gradient boosted tree-based methods as viable alternatives to CNNs
in demonstrating the limitations of existing neural network-based drug response mod-
els. These gaps are resolved by designing and building software that helps assess the
variation in performance of each class of models and includes improvements made to

the accessibility of these models for domain experts. The current approaches rely on

Xiv



RNA sequence based gene expression values of cell lines, 2D molecular drug descrip-
tors, and drug response data to predict cell growth. To overcome the challenges faced
with the existing 2D molecular datasets, the next aspect of the thesis focuses on im-
proving the performance of ML techniques that synthesize molecular docking of the 3D
molecular drug descriptors for pose estimation of protein-ligand binding to reduce the
subsequent molecular dynamics simulations needed in drug-discovery workflows. In ad-
dition to hyperparameter optimization (HPO) and model tuning, scaling the training
of such models will greatly improve the throughput of lead compound discovery.

Scaling such ML workflows on new hardware architectures like AMD GPUs
is challenging. The thesis further explores the scaling aspect by using another case
study that involves in-transit ML of plasma physics simulations to uncover correla-
tions between emitted radiation and particle dynamics within the simulation. The ML
surrogate model employs online learning using data streamed from the simulation and
scales up to 400 GPUs.

To summarize, this thesis introduces novel software frameworks and workflows
to advance the state-of-the art for case studies involving drug discovery models for
cancer research as well as plasma physics simulations through model enhancement and

distributed scaling on large supercomputers.
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Chapter 1

INTRODUCTION

The nature of Machine Learning (ML) workflows’ increasing compute require-
ments and problem sizes necessitated a change in not only hardware accelerators but
also the software necessary to support these workflows. AlexNet[41] introduced Deep
Learning (DL) to GPU acceleration, and the use of GPU acceleration for DL has only
increased since then. At the same time, supercomputers went through a change in
hardware architecture from homogeneous to heterogeneous systems. The Jaguar su-
percomputer at Oak Ridge National Laboratory (ORNL) had an x86-based instruction
set architecture (ISA), and then it was upgraded to the hybrid system Titan adding
the NVIDIA K20X GPUs. The next system at ORNL, Summit, was an upgrade but
featured a similar heterogeneous architecture with IBM Power ISA and NVIDIA V100
GPUs. Another big change occurred when ORNL went with the AMD MI250X GPUs
for the latest Frontier exascale supercomputer. In the meantime, other hardware accel-
erators such as Tensor Processing Units (TPUs), Cerebras wafer-scale chips, and more
recently Groq’s LPU (LLM processing unit) became available as viable alternatives
to GPUs. Having such a wide range of hardware architectures brings its own set of
challenges and requires standardization and agreement among the industry for software
and models to work across architectures.

Each of these architectures often requires the supporting software stack for ex-
isting workflows to run seamlessly. Portability is a problem faced not just by ML codes.
Many HPC codes exist in legacy form that require backward compatibility or code up-
dates for each of the system architectures as they advance. Similarly, ML workflows
that work in one system may not be as conducive to working in other systems with a

different system architecture. There are compatibility gaps that develop during this



evolution as software stacks evolve with hardware advancements. This evolution often
results in increased performance and subsequently algorithmic improvements. As hard-
ware evolves, new software often fills in gaps and advances the state of the art to make
hardware, software, and algorithms deliver performance gains. This thesis focuses on
designing and building scalable and portable machine learning-based frameworks to
new hardware architectures with a focus on cancer drug discovery as a case study.

This section introduces the case study and the class of problems we chose for
evaluating and building such frameworks. Cancer drug discovery models contain a
subset that focus on drug response problems that in most cases rely on structured
training data. Improving the predictive capabilities of such models requires changes,
such as improved data quality and model architecture. Drug response models are
generally trained on cell line (cell culture) datasets due to the availability of drug
response values for this type of data. Models trained with tumor normal (healthy)
and tumor disease tissue data would be ideal except for the fact that tissue data has
very little corresponding drug response data, making it challenging to improve drug
response models’ predictive capabilities. Existing ML techniques such as CNNs have
been the primary in silico methods for drug discovery to predict effectiveness of drugs
based on their molecular features. To advance the state of these models, this work
explores tree-based ML models as viable alternatives to neural network-based models.
In many cases, changing the model architecture to test the existing data and problem
type can lead to improvements in predictive capabilities, but this process can be taxing
for researchers and ML practitioners.

Using ML techniques to synthesize physics-based simulations such as docking
for pose estimation and molecular dynamics simulations to estimate the binding free
energies of the protein-ligand binding process is another technique to improve cancer
drug discovery models. Such ML techniques have a throughput problem that can be ad-
dressed using various modeling and training techniques. This case study also addresses
these problems using the Frontier exascale system, which brings several challenges that

must be overcome during this process.



1.1 Research Questions

1) How do we apply model enhancements and performance optimiza-
tions to design drug discovery pipelines for shorter development timelines?

2) How do other ML model architectures such as tree-based models
compare to CNNs?

3) How do we improve the accessibility of these models for domain
experts, giving them the ability to analyze and compare multiple types of
models simultaneously?

4) How well do ML models scale on new hardware architectures and
state-of-the-art GPUs? And what challenges will this bring?

5) What insights or research questions will hyperparameter optimiza-

tion (HPO) and scaling of molecular dynamics ML models lead to?

1.2 Motivation

As software and hardware advance concurrently, it is important to design and
build ML frameworks that are hardware architecture agnostic. More specifically, as
accelerators for ML workflows become more prevalent, the ability to have high-level
code that can run across such accelerators would be highly beneficial by reducing the
need to rewrite code and libraries for each hardware. This has many downstream effects
on hardware accelerator design as vendors will be forced to not rely on proprietary
software to drive hardware sales. That ultimately makes compute cheaper, allowing
the costs of development and deployment of ML models to go down. Cancer drug
discovery models are a domain in which this development would bring great benefits to
the advancement of science. As hardware accelerators, such as GPUs, support a wider
range of ML models, it is important to scale the training of ML workloads for cancer
drug discovery on systems like Frontier with AMD accelerators. SOTA (state-of-the-
art) 175 billion and 1 trillion parameter Large Language Models (LLMs) can scale up to
1024 and 3072 AMD GPUs respectively [23]. Even as hardware support for algorithms

improves, they can still face performance challenges during scaling. In addition, as the



software needed for the algorithms to work on evolving software catches up, it can be
a point of weakness in areas such as compatibility, efficiency, and performance. The
overarching goal of this thesis is to design and build software frameworks that allow

such portability of ML models due to the great benefits that it brings.

1.3 Thesis Organization

This section provides the outline of this thesis covering each of the chapters.

Chapter 2 covers a framework that can be used to make ML models portable
across hardware architectures using graph-level intermediate representation (IR) to
port from one software framework to another. This work also demonstrates the ability
to convert ML workflows between hardware architectures. It was done using general
models such as Transformer-based models such as BERT[27]. Making it easier to take
a model built with one ML framework, like TensorFlow, and have it work seamlessly on
another framework, like PyTorch, greatly improves the flexibility of individual frame-
works and ML workflows.

Chapter 3 discusses my work on a class of problems in ML-driven drug discovery
workflows called drug response problems. We start by porting these ML workflows to
systems outside the NIH (National Institutes of Health) and DOE (Department of
Energy) environments. Then explore extending these resources to newer hardware
architectures. This makes NCI-DOE resources more accessible to researchers outside
these organizations on a wider range of systems. The remainder of the chapter discusses
the work to make these models more robust and improve their predictive capabilities.
These models are often upstream of the long and expensive drug discovery process that
can take more than a decade. Improving these models can make the entire process more
efficient by better selecting drugs that go into the next phases of the process.

Chapter 4 covers the UNNT (Utility for comparing Neural Nets and Tree-based
models) software abstraction we build based on our work done while improving the
models in the previous chapter. This chapter also describes the advantage of tree-

based models over neural networks when the data is structured. Therefore, this helps



researchers and practitioners compare and analyze such model architectures on their
own data.

Chapter 5 covers the work done to make ML workflows scale on the Frontier
Exascale system. This includes challenges and setbacks faced with new hardware ar-
chitecture, software compatibility, and system setup. The work resulted in the scaling
of the ML workflows to 100 nodes. This is one of the first demonstrations of such
large-scale ML training using Frontier and AMD GPUs and an important endeavor as
AMD GPUs become prevalent on compute clusters and on the cloud.

Chapter 6 brings all previous chapters together by focusing on ML drug discov-
ery models that rely on physics-based applications such as docking for pose estima-
tion and molecular dynamics simulations for predicting bind-free energies during the
protein-ligand binding process. The objective is to scale these workflows on Frontier
using the expertise gained from the work in Chapter 5. Increasing the throughput
of these techniques improves the quantity of potential lead compounds that can be
considered to advance to later stages of the drug discovery process.

And finally, chapter 7 will provide a general overview of the thesis and the major

parts and reiterate the main takeways.

1.4 Thesis Contributions

1) Established that gradient boosted decision trees (GBDTSs) outper-
form CNNs in predicting drug responses, with potential applicability to
other structured datasets.

2) Designed and created a software utility that researchers and do-
main scientists can use on their custom structured datasets to compare and
analyze CINNs and XGBoost models.

3) Proposed and developed novel approaches to address the scalability
of ML training on large-scale supercomputers such as Frontier equipped

with the state-of-the-art AMD GPUs



Chapter 2

EXPLORING PORTABILITY OF DL MODELS

This chapter consists of a study performed to explore and enhance portability of
ML models across various ML frameworks and hardware architectures using a library
that uses graph-level intermediate representation (IR) of the ML models to achieve

this.

2.1 Introduction

The proliferation of Deep Learning (DL) models in recent years fueled a growth
in the number of open source DL frameworks. Once a user chooses a framework there
can often be constraints on the hardware accelerators that can be used to train or run
models with. Even worse, the choice of their framework can hamper their ability to
choose the best hardware accelerators for training and inference.

In this research project we introduce Hardware independent Translator
(HiT), a toolchain that aims to increase portability of DL based applications across
different kinds of systems. Eventually the goal for HiT is to provide this portability
across various hardware architectures. This includes support for application specific
integrated circuits (ASICs) such as Tensor Processing Units (TPUs) that can give users
the ability to use the vast compute capability some of them have to offer.

The toolchain, HiT, will achieve its goal of increasing application portability
by incorporating a variety of tools and techniques. The toolchain will include a high-
level abstraction for creating portable models, an Intermediate Representation (IR)
layer that translates model graphs from one framework to another and containerization

across systems. Other features of the tool chain could also include support for a growing



list of DL model operators such as dropout. The toolchain will be evaluated using an
MLPerf like benchmark suite among other case studies.

This work demonstrates the potential high-level abstraction, followed by evalu-
ating a workflow that entails an IR targeting new hardware runtimes and explores the
benefit of containerization of models across systems that we have access to.

The number of frameworks available for deep learning is extensive and there is
no one framework that dominates in usage [37]. Some examples of these frameworks
include PyTorch, TensorFlow, and Scikit-learn. Each of them has its strengths and
weaknesses, but for the most part the differences are minimal, where most algorithms
can be written in any of them, and the choice of framework comes down to individual
or team preferences. Some of these frameworks have back-ends that are optimized
for certain hardware accelerators as training a model can be a very compute intensive
task. This often means that users are locked into not only the software but also the
hardware accelerators they can use to train their models.

Most users do not own the hardware accelerators they use for training. That
means they rely on high performance computing (HPC) systems like UD’s DARWIN
[78] cluster to share computational resources with other users of these large systems.
DARWIN, like other similar systems, has many hardware accelerators available for its
users.

Hardware vendors such as NVIDIA and AMD have slightly different GPU ar-
chitectures. In addition, there are architectures that are being designed and built
specifically for deep learning type workflows and are broadly known as application
specific integrated circuits (ASICs). Google’s Tensor Processing Unit (TPU) is an ex-
ample of an ASIC and it is designed to work with TensorFlow. When accessing shared
compute resources, users may not get access to the systems they request leading to long
wait times. So there is a need for a tool that can allow users to seamlessly transition
between different types of systems without the need to manually change the model or

the code to run on a new target architecture.



HiT solves compatibility issues between the supported architectures and high-
level DL frameworks to allow applications to run on a target architecture. ONNX [25]
translates models at the IR level of a compiler, which translates the high level code
to the machine level to represent these models, which are typically DL, and consist
of a set of operators which are translated into an intermediary format also known
as ONNX. ONNX format integrates well with ONNX Runtime[25] because the latter
supports various types of hardware accelerators in its backend. ONNX Runtime allows
HiT to maintain performance, which is critical during training and inference of deep
learning models, and in some cases manages to improve the performance on a target
architecture compared to the original one.

The main contributions of this research are:

o A software prototype, HiT, that demonstrates portability of DL applications
using a combination of container environments and graph/IR based DL model
translators to demonstrate the ability to target these applications on various
hardware runtimes and show the performance impacts of doing so.

e A new framework to create a more advanced IR level conversion wrapper based
on what we learned through the research done for the previous contribution

In the rest of this chapter, we go into more details regarding various aspects of
this research such as the motivation and provide the background details about some
crucial parts of this research before presenting the framework and the results of our

experiments.

2.2 Motivation

There are many HPC-+AI workflows that are designed to run on specific systems
based primarily on the hardware available at the time of development. But hardware
architectures evolve and organizations acquire different kinds of systems based on fac-
tors such as cost, efficiency and performance. And often these decisions are made for
the benefit of the wider scientific community. As the Office of Science reports [1], there
are substantial needs for extreme-scale computing and the needs vary widely across a

growing range of workloads. The report also states the growing challenges of making



scientific applications more portable as the complexity and diversity of HPC grows.
As cutting edge HPC transitions into exascale level computing, hardware vendors that
can maximize performance of these systems are chosen.

At the Department of Energy’s (DOE) Oakridge Leadership Computing Facil-
ity (OLCF), applications running on the current Summit supercomputer [63] need to
eventually be transitioned to the upcoming Frontier supercomputer [64]. In this case,
the transition will be from NVIDIA GPUs to AMD GPUs. This has several implica-
tions including the necessity to port applications and models from NVIDIA’s CUDA
runtime to AMD’s runtimes such as MiGraphX. For developing software to run on
Frontier, many traditional low level programming languages like C, C++, and Fortran
are supported high level options like python will have limited GPU support according
to OLCF [77]. Most DL framework users write in python so it will be challenging for
these users to transition their DL workflow from NVIDIA and CUDA environment to
an en environment with a different hardware architecture such as AMD’s GPUs.

Another example is an Exascale Compute Program (ECP) project called CAN-
DLE (CANcer Distributed Learning Environment) [94, 92]. The project’s goal is to
address three separate challenges related to cancer surveillance with pilot applications.
CANDLE mainly uses python across a few various DL frameworks. Here again there
is need for increased portability of CANDLE. As mentioned earlier in the Frontier ex-
ample, applications written in high level languages like python with frameworks make
it challenging to port to a system with a different hardware architecture.

This problem is not limited to large scientific applications that require extreme-
scale computing. HPC clusters such a DARWIN offer a combination of accelerators
including NVIDIA and AMD GPUs. If researchers wanted to run their applications
on a different system, including due to availability of resources, the process is not
simple even for small workloads. There is a need for a high level abstraction that can
allow users to port their applications between systems that offer different hardware
accelerator architectures much more seamlessly compared to the process it currently

requires to make than transition.



2.3 Background of DL frameworks’ portability and previous work

To our knowledge, our research is the first to address incompatibilities between
DL frameworks, models, and hardware architectures. In this section, we describe the
work the HiT builds on. Numba [44] is the most related in terms of its objective.
It is a just-in-time compiler for numerical functions in Python that has support for
certain types of hardware acceleration including CPU multi-threading and GPUs from
NVIDIA and AMD. The libraries that Numba supports, such as NumPy [89], are
widely used attracting many users. But NumPy, which is used mainly for numerical
computing, does not offer the functionality to build complex ML models unlike DL
frameworks. In addition, the main goal of Numba is to offer parallelism whereas Hi'T’s
goal is to remove the hardware constraints when accelerating models during training
and inference.

HiT leverages several software libraries to provide its functionalities. For ex-
ample, ONNX provides IR (Intermediate representation) level translation of models
between various popular frameworks such as TensorFlow and PyTorch. In addition,
ONNX Runtime allows models in ONNX format access to hardware level acceleration
from various providers such as CUDA, TensorRT, and MiGraphX. In addition to these
libraries, we also use MLPerf [73], a benchmark suite, as a reference since it provides
results for training and inference of leading DL, models on various hardware accelerators
such as NVIDIA’s V100’s, Google’s TPUs, and the A64FX which is an ARM based
accelerator currently being used in Ookami which is the world’s faster supercomputer.

The rest of this section will go into details on the background of each of the

major libraries used and how they fit into the overall context of this research.

2.3.1 Machine learning frameworks

In recent years, machine learning became mainstream and gained popularity
because of the advances made using deep learning that enabled various tasks such
as speech recognition, object detection, and many other fundamental problems to be

tackled with much greater accuracy. This was mainly driven by an increase in the
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availability of data and compute resources. Increased usage of ML and DL models
necessitated frameworks to help users build these machine learning models for not just
research but also for software development.

ML frameworks are high-level and productivity-focused with the low-level performance-
oriented interface with hardware mostly abstracted from the users. These frameworks
are also rapidly evolving based on the needs of their users. And because most of them
are open-sourced their most ardent users often add features to these frameworks. One
such example framework is Scikit-learn [68], which integrates many state-of-the-art
(SOTA) machine learning algorithms for medium-scale supervised and unsupervised
problems. It also uses several other libraries such as Numpy [89] and Scipy [54] which
allow Scikit-learn to store data efficiently in data structure and provide linear algebra
functions essential for machine learning. The remaining frameworks discussed in this
section in addition to allowing users to build machine learning models also allow for
large-scale deep learning to express a variety of algorithms. Some examples of these
DL frameworks include TensorFlow [3], Torch [20], Keras [24], PyTorch [67],and CNTK
[80].

Most of the DL frameworks adopt a layered software architecture that is simi-
lar and provide APIs that enable users to configure DL models and training methods
including optimizers. According to [95], these frameworks are implemented on top
of various parallel computing libraries: BLAS (Basic Linear Algebra Subprograms)
libaries, such as OpenBLAS, cuBLAS, NCCL (NVIDIA Collective Communications
Library), OpenMP, and Eigen.

A. TensorFlow and Keras

TensorFlow [3] was originally developed by the Google Brain team for internal
Google use to conduct ML and DL research. It is now open sourced and used for
both research and production. It is one of the most popular frameworks according to

various metrics including search volume, arXiv articles, and GitHub activity [37]. In
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addition to these reasons, the main focus of the research is framework agnostic for the
most part so it was important to test with various frameworks that are supported well
and have a large community. TensorFlow was also extensively used in the CANDLE
benchmarks further reinforcing the need to pick TensorFlow as one of the frameworks
tested. TensorFlow has a dataflow model where tensors flow between nodes along the
edges [95]. The nodes represent a mathematical operation while the edges represent
dataflow giving users the flexibility to represent complex neural networks.

Keras [24] is a deep learning APT that runs on top of TensorFlow and is written
in Python. It was developed to enable faster experimentation. It provides essential
abstractions for prototyping with much higher velocity. Like TensorFlow, Keras also
provides researchers and developers the ability to take advantage of TPUs and GPUs
for faster computation. In addition, it also allows models to be exported as graphs to

other runtimes such as browsers, mobile, and embedded systems.

B. PyTorch

PyTorch [67], like TensorFlow, is another open source deep learning library
originally developed Facebook’s AI Research lab. Most of the popular graph-based
DL frameworks construct a static dataflow graph to represent the computation which
can then be applied repeatedly to batches of data. Although this approach provides
visibility into the whole computation ahead of time, it comes at the cost of ease of
use, ease of debugging the graphs, and flexibility when it comes to the types of com-
putation that can be represented. PyTorch offered users dynamic eager execution with
automatic differentiation mainly without sacrificing performance, where operations are
evaluated immediately without building graphs [67]. TensorFlow subsequently adopted
eager execution and to allow its users similar functionality as PyTorch’s dynamic eager
execution.

In addition to its design principles of putting researchers first and ease of use,

PyTorch also offers performance-focused implementation using an efficient C++ core,
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having separate control and data flow, multiprocessing, and through a custom caching
tensor allocator. The combination of these features allows PyTorch to use GPUs with
CUDA APIs to saturate the GPU and reach peak performance even though Python

has a high overhead because it is an interpreted language.

2.3.2 Open Neural Network Exchange (ONNX)

ONNX (Open Neural Network Exchange)[25] allows conversion of DL models
using graphs generated by frameworks discussed in the previous section. These graphs
are also colloquially known as the IR (Intermediate representation) layer. ONNX
defines a common set of operators and a common file format for using models with a
variety of frameworks, tools, runtimes, and compilers. IR is the level where DL models
are broken down into operators which are the building blocks of these models. But
this is not always possible because of the rapid pace of innovation in DL models where
ONNX may not support the latest operators. But ONNX allows users to create custom
operators to support the latest DL models in ONNX format. ONNX also interfaces
with ONNX Runtime to allow models in ONNX format to infer (and train in the future)
which requires interfacing with the hardware runtimes such as CUDA and TensorRT

from NVIDIA and MiGraphX from AMD.

2.3.3 ONNX Runtime

ONNX Runtime [26] supports a wide range of hardware runtimes and by ex-
tension many architectures. Some of these include the CPU, CUDA and TensorRT
for NVIDIA GPUs, MiGraphX for AMD GPUs. Support for the latter is limited as
MiGraphX integration is in beta. The combination of ONNX [25] and ONNX Runtime
will allow us to create prototypes of DL model pipelines that demonstrate the increased
flexibility in hardware architecture choices this software combination allows. In addi-
tion to that, experiments, including our own, have shown that ONNX Runtime can

offer performance speed up at inference time in certain DL models that are optimized

for ONNX Runtime.
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Figure 2.1: Visualization of the ONNX & ONNX Runtime Stack with respect to
high-level frameworks and low-level accelerators [35].

2.34 TVM

For further performance optimization of DL models, TVM (Tensor Virtual Ma-
chine) [17] can help optimize DL models in ONNX format at the IR and compiler level.
It’s main objective is to help bridge the gap between high level productivity-focused
software frameworks and low level performance and efficiency-oriented hardware back-
ends. TVM uses several techniques including operator fusion which combines multiple
operators into a single kernel without saving the intermediate results in memory. This
optimization can be particularly useful at inference time. TVM also contains an au-
tomated schedule optimizer that can find optimal operator implementations for each
layer of a DL model. But often the search space to choose schedule optimizations is
large for each hardware back-end. To solve that it uses ML-based cost model and
design choices to optimize finding best schedules. The combination of ONNX, ONNX

Runtime, and TVM can potentially help improve performance of DL models.

2.3.5 Containerization
One of the benefits of containerization is being able to install the benchmark,
dependencies and its corresponding environment variables in a container image and

using the image to run in a number of different clusters rather than installing each of
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these components independently on every system of interest. Containerization would
also avoid any conflict with libraries that may be installed by the system admin or
other developers. It will also allow a seamless usage of different DL frameworks that
may typically come with conflicting software dependencies while running on the same
system. We will also be able to allocate relevant compute resources in a way that we
could run multiple instances of a DL framework concurrently.

Containerization also comes handy even if the underlying platform is from the
same vendor, such as NVIDIA’s GPUs. Migrating the code to a new runtime, for
example from CUDA to TensorRT, which can run on the same NVIDIA hardware,
will still require a different set of software dependencies. The problem is even more
pronounced when switching hardware such as from NVIDIA GPUs to AMD GPUs.

Containerization makes this process more streamlined because the containers
can be prebuilt with the prerequisite software dependencies to run on a different run-
time environment. This is especially true for compute clusters such as UD’s DAR-
WIN because installation of niche software can be restricted and the process to do so
can often be cumbersome if it is not officially supported by a HPC compute cluster.
Containers alleviate this bottleneck because they provide secure and isolated virtual
environments that can come with the required dependencies.

Because of all these advantages, migrating the research workflow to work in
containerized environments will be an important aspect of this work. There will be
some prerequisites for containerizing including support from the compute clusters or

systems for container software such as Docker [52], Singularity [43], or Kubernetes.

A. Docker

Docker is an industry standard container software that promises the ability to
package applications and their dependencies into lightweight containers that can start
up quickly, create an isolated environment, and can be moved easily between different

systems [52]. But Docker creates security issues and causes other problems in HPC
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environments. In terms of security, Docker containers have privileged access to the host
systems network file system making it unsuitable. In addition, Docker uses cgroups
to isolate containers and that conflicts with the slurm scheduler used by many HPC

systems for resource allocation [10].

B. Singularity

Even though Docker creates security concerns and is incompatible with HPC
systems, its most important feature of isolated environments and lightweight nature
can still be useful in HPC context. Singularity [43] is an alternative to Docker for
containerization in HPC environments. It provides reproducible, portable, shareable,
and distributable containers just like Docker but at the same time it assumes a "no
trust” security model where untrusted users run unstrusted containers. In addition,
Singularity supports HPC hardware and scientific applications because of its support
for MPI. Singularity also allows users to bring external driver modules from the under-
lying system into the container environment and because of this it has built it options

to make GPUs, from both NVIDIA and AMD, available to the containers.

Studies in [10] show that it is possible to deploy DL frameworks at scale on HPC
systems using containers. But the major distinction between their work and ours is
that they did not use GPUs while we use them in addition to CPUs. Furthermore, they
use Charliecloud [72] for their containerization software whereas we use both Docker
and Singularity depending on the system we run our experiments on. This is because
of the drawbacks of Docker in HPC environments mentioned previously requring us to

use Singularity as the alternate container software on HPC clusters.

2.4 Experiments and results of frameworks ported
As mentioned previously in the background section, portability of DL based
scientific applications like CANDLE is an important challenge. We create a workflow,

named HiT, using a combination of containerization, ONNX, and ONNX Runtime to
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show that portability is possible. In addition to achieving portability, our experiments
show that this workflow does not have a large overhead in terms of latency of DL models
at inference time in ONNX Runtime using ONNX format compared to inference in the
native framework. And this was tested across both CPU and various GPUs.

ONNX provides a suite of tools to assist users when converting their models
from various DL frameworks to ONNX format. Some frameworks such as PyTorch
have that functionality built into the framework natively while ONNX also provides
external (non-native) libraries that can be used to convert from other frameworks that
do not have ONNX conversion tools natively. Some of the frameworks where this is
true include Scikit-learn, TensorFlow and Keras. For each of them, ONNX has built
separate libraries such as sklearn-onnx, tensorflow-onnx, and keras-onnx respectively
to convert to ONNX format. Even with all these libraries conversion of models must
be done properly for inference to work in ONNX Runtime. In addition to that, the
helper conversion libraries available to use from the DL frameworks convert a single
NN graph and are not reliable when a user converts an ensemble of models.

To solve this, we build an ONNX conversion wrapper that allows users to con-
vert an ensemble of DL models to the ONNX format for inference in ONNX Runtime.
Based on our experience from this research so far, a program that offers this function-
ality needs to have a few crucial components to ensure that an ensemble of models are

converted accurately into ONNX format.

The following is high-level abstraction created based on the lessons learned during

this research

1. Take the following from user as input

e DL framework of origin
e The trained models that are part of their ensemble

e Each model’s dummy input where each of the models can ingest this data
to execute each of the models once to construct their graph
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e Some training/testing data for each of the models to test equality after
conversion

e Hardware runtime/architecture user will using for inference

2. Import all necessary libraries for conversion (based on DL framework of origin)

3. Convert each of the models into ONNX format

e ONNX helper methods convert with Tracing methodology using user pro-
vided dummy input

4. More robust validation. User must have option to override this for models that
behave stochastically

e After conversion is successful for each model, where ONNX validates the
model, we execute the converted model in ONNX format (run inference)
once with the additional train/testing data user provided.

e Then we run inference on the original model

e Complete if outputs of both models are same
5. Optimize operators of the converted models with TVM [17]

e Use TVM’s operators fusion feature that transform the computational graph
into a fused version that can give improve performance by reducing memory
accesses.

e Incorporate TVM’s automated schedule optimizer.

6. Return the ensemble of models in ONNX format.

This abstraction not only streamlines the process of converting a complex en-
semble of models into ONNX format but also incorporates a method of improving the

performance of DL models at inference time.

2.4.1 Experimental Setup
Thanks to my advisor, Dr. Sunita Chandrasekaran, I was able to obtain access
to several compute systems with a broad set of hardware accelerators to run my ex-

periments on. This section will give details about each of those systems.
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A. Computational Research and Programming Lab (CRPL) Systems

The first, and probably the most important, system used during the course of
this research was CRPL’s Leia system at the University of Delaware. It consists of
an AMD ThreadRipper 1950X CPU with 16 cores, 32 threads, and 48GB of RAM. In
addition, Leia also has 1 NVIDIA GTX 1080 with 8GB GDDR5X RAM with NVIDIA’s
Pascal architecture and 2 NVIDIA Tesla P40 with 24GB of GDDR5X RAM and also
on the Pascal architecture. It was initially running the Ubuntu 18.04 operating system,
but was upgraded to Ubuntu 20.04 during the course of this research. As stated in the
next section, all experiments that involved using a GPU on Leia used a single NVIDIA
P40 GPU.

The main softwares required were Docker and the NVIDIA Container Toolkit
[62] which was necessary for the Docker containers to have the ability to access the
GPU on the host system (Leia). Leia was often the cornerstone of this research because
the initial setup and trial runs for many experiments carried out on the HPC systems
that follow in this section were done on Leia. For example, compute clusters required
elevated privileges to build containers using the manifest file such as a Dockerfile. Often
this is solved by building the container on Leia and then moving the container to the
target system.

The second CRPL lab system used to conduct experiments is Skywalker which
consists of the AMD Threadripper 1950X CPU with the same configurations as Leia
but it has different GPUs. It consists of 1 NVIDIA Titan V with 12GB of HBM2
(high bandwidth memory) and 2 NVIDIA Tesla V100s with 16GB of HBM2. Both
have NVIDIA’s Volta architecture compared to the older Pascal architecture on Leia’s
P40s. Like Leia, Skywalker was also updated to Ubuntu 20.04 OS from Ubuntu 18.04.
And it also required Docker and NVIDIA Container toolkit to give the containers ac-
cess to the GPUs.

B. UDEL’s Caviness
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Caviness is University of Delaware’s third HPC cluster. It consists of 126 com-
pute nodes with a total of 4536 cores and 24.6 TB of memory [88]. Each of the nodes
consists of Intel ”Broadwell” 18-core processors in a dual-socket configuration for a
total of 36 cores per node. Caviness also consists of nodes with NVIDIA P100 GPUs
that have NVIDIA’s Pascal architecture. Caviness was mainly used to run experiments

on this GPU.

C. UDEL’s DARWIN

DARWIN (Delaware Advanced Research Workforce and Innovation Network) is
the most recent HPC cluster commissioned at UD. It consists of 105 compute nodes
with a total of 6672 cores, 22 GPUs, 100 TB of memory, and 1.2PB of disk storage.
Unlike Caviness, DARWIN has a combination of GPUs from both NVIDIA and AMD.
It has 9 nodes, each with an NVIDIA T4 GPU consisting of 2,560 CUDA and 320
Tensor cores per node. DARWIN also has 3 nodes each with 4 NVIDIA V100 GPUs
consisting of 20,480 CUDA cores and 2,560 Tensor cores per node [78]. In addition
to the NVIDIA GPUs, DARWIN also has an AMD MI50 GPU. The AMD GPU is of
particular interest for this research. Most of the work pertaining to this research done
on DARWIN was done during its phase 1 early access because it is still in the process

of entering full production.

Systems DARWIN Caviness CRPL

CPU Intel + AMD Intel E5-2695 AMD Threadripper

GPU NVIDIA V100 + | NVIDIA P100 NVIDIA P40 +
NVIDIA T4 + NVIDIA V100
AMD MI50

Table 2.1: Systems used to conduct experiments in this study

The experimental setup for this research consists of variables such as DL frame-

works, models, hardware accelerators, and hardware runtimes. Some of these have been
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GPU NVIDIA NVIDIA NVIDIA AMD MI50

P40 P100 V100

Peak Single Preci- | 11.7 TFLOPs | 9.5 TFLOPs | 14.1 TFLOPs | 13.3 TFLOPs

sion (FP32) Perfor-

mance
Memory Size 24 GB 16 GB 16 GB 32 GB
Memory Type GDDR5x HBM?2 HBM?2 HBM?2
Memory Band- | 480 GB/s 732 GB/s 900 GB/s 1024 GB/s
width

Table 2.2: Specifications of GPUs used during this study

discussed in detail in the previous sections. The ones that have not will be explained
in this section. All the models outline below are pre-trained in one of the frameworks
outlined in the frameworks section above. This section will include details about the
various models chosen for experimentation in this research and some of the reasoning

behind their choosing them.

A. AlexNet

AlexNet is a convolutional neural network (CNN) that was originally introduced
in [41] and won the ImageNet Large Scale Visual Recognition Challenge in 2012. We
chose this model because of the extensive documentation available for it in various DL
frameworks. This was important to eliminate problems in framework of origin as the

main tests would be performed in a target framework such as ONNX.

B. SqueezeNet

For the second model, we chose Squeeze [40] because of its fundamental similar-
ity to AlexNet in terms of the general problem. Because of that the data at inference
time would also be similar. But the most important reason for choosing SqueezeNet was
to see the impact of model size on performance after conversion to ONNX. SqueezeNet

has 50x fewer parameters compared to AlexNet and the model size is thus smaller in
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a similar proportion. SqueezeNet manages to achieve this while maintaining accuracy

AlexNet achieves [40].

C. BERT

In the past few years, pre-training of language models has significantly increased
the size of models. These models deliver state-of-the-art performance across a wide
range of NLP tasks. In our experiments, we wanted to incorporate a large language
model to compare performance between the native framework and the combination of
ONNX and ONNX Runtime across hardware runtimes. We experimented with BERT
because of its versatility and performance across eleven different natural language pro-
cessing (NLP) tasks [27]. BERT has many variations that are fine-tuned for various
tasks. For the purpose of this research, we chose the BERT-base-uncased model. Base
refers to the original model architecture outlined in [27] and uncased refers to the lan-
guage model’s capability in terms of the case of text it can take as input. This means

all input sequences are lowercase.

D. CANDLE

CANDLE (CANcer Distributed Learning Environment) [94, 92], a DOE and
National Cancer Institute (NCI) partnership project, consists of three key challenges.
The first one, called the ”drug response problem,” aims to develop predictive models
for drug response to optimize pre-clinical drug screening and drive precision medicine-
based treatments for cancer patients. The goal of the second challenge, called the "RAS
pathway problem,” is to understand the molecular basis of key protein interaction in
the RAS/RAF pathway that is present in 30% of cancers. The third challenge, called
the "treatment strategy problem,” aims to automate the analysis and extraction of
information from millions of cancer patient records to determine optimal cancer treat-
ment strategies across a range of patient lifestyles, environmental exposures, cancer
types, and healthcare systems. The goal of the CANDLE challenge problem is to solve

large-scale ML problems for the three applications mentioned above [2].
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2.4.2 Results

This section highlights some of our preliminary results using the HiT framework.

Models Frameworks | CPU' | GPU (P40) | GPU (V100)
AlexNet PyTorch 2.3s 0.12s 0.07s
ONNX Runtime | 3.14s 0.17s 0.1s
SqueezeNet PyTorch 5.58s 0.21s 0.22s
ONNX Runtime 1.29s 0.36s 0.11s
BERT PyTorch 3.1s 0.825s 0.9s
ONNX Runtime | 2.4s 0.3s 0.178s

Table 2.3: ML models and their inference latencies across CPUs and GPUs

The main takeaway from this table is the increased portability achieved by HiT.
All the results in table 3 above were obtained inside a container where the container had
access to each of the hardware accelerators specified in the table in the corresponding
system each of the containers was operating in. See table 1 for more information on
what system each of the accelerators were located in and table 2 for their specifications.

Initially, we used Docker on the CRPL lab systems to circumvent the need for
elevated privileges to install various software libraries. In order to achieve this, we
still required a system admin with elevated privileges to install Docker and Docker
Container toolkit [62] on the systems we were using containers with GPUs on. The
benefits of containerization soon became apparent as we tried to request access to HPC
systems and were preparing to run experiments on them once we gained access. That
said, deploying containers in HPC environment brings its own set of challenges. It was
important to allocate compute resources, especially the GPUs, in interactive mode on
HPC systems for debugging purposes. Submitting jobs in batch mode is less efficient
from a user perspective when ensuring proper functionality.

For all the models converted from a DL framework to ONNX, we insured accu-

racy of the final output during inference done on ONNX Runtime by comparing the

! The CPU in this table is an AMD Threadripper 1950X. For more details see Section
3.5A.
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output predictions to the predictions made by the DL framework where the model was
converted from. In addition, the process of converting models properly with the input
and output names set to ensure proper inference after conversion.

ONNX also has many opsets because it is a library that is evolving and thus
requires the developers of ONNX to update and add support for new mathematical
operators necessary for DL algorithms. ONNX provides functions that help users verify
the validity of the ONNX graph generated after conversion. ONNX’s built-in validation
code does this but only with the dummy input the user passes in before conversion to
ONNX. It’s important to note that this only helps confirm whether the output model
graph has a valid schema. That is why it is necessary for users of ONNX conversion
tools to device ways to verify the output model. We did this by passing same input
data to the model in ONNX format and the model in DL framework at inference time.
During our research using the DL models listed, we did not find any discrepancies with
the validity of the model in ONNX format.

When converting a model from PyTorch to ONNX| the conversion tools that
are natively provided by PyTorch use a technique known as tracing. Tracing uses the
dummy input, which the user is required to provide to convert a model, to capture
the structure of PyTorch model by executing once and recording the flow of inputs
through the model to construct the Torch IR graph to convert. This technique is
stable and well supported. But it has some downsides including lack of broad support,
especially since it only supports models that use limited control-flow (conditionals or
loops). That means tracing does not capture models that use control-flow. It only
captures sequences of operations that occur on a single execution as the dummy input
flows through the graph on the PyTorch model.

There is an alternative to tracing called scripting which supports all models
because it converts syntax directly by first generating Python AST (Abstract Syntax
Tree) and then using the JIT (Just In Time) compiler to do semantic analysis for
conversion. This technique has several drawbacks including the need for code changes,

and it only supports a subset of Python. The latter is a huge constraint because it
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means that users might have to rewrite their Python programs to comply with the
conversion requirements that use scripting.

When using models with operators that may not be supported well, it is im-
portant to use test data at inference time to make sure the outputs between the DL
framework and ONNX format are similar. This is similar to what the converters does

with the dummy input, which may not always be reliable, to ensure model consistency.

Portability
across
hardware
architectures

High-level
abstraction

Container .
environments HIT Graph/IR
in HPC based model

Inference translation

results on
various
systems

Figure 2.2: Figure showing the status of HiT. Green colored goals were demonstrated
in this preliminary research and the blue colored goals will be completed
in the next steps of this research.

2.5 Chapter Summary

This preliminary research started with the goal of improving DL application
workflows using high-level abstractions. Experimenting across many frameworks, sys-
tems, GPUs, and container softwares gave us the opportunity to learn about the ad-
vantages and disadvantages of various techniques that exist. All that experience helped
us formulate a high-level abstraction that we are confident will improve the portability
of scientific applications in HPC. We came across a number of potential techniques,
some we incorporated into our abstraction, that will not only help DL applications in

terms of portability but also in terms of performance.

25



2.6 Lessons Learned

The first takeaway is that this is a very challenging problem to solve since it
requires agreement on standardization from the major players in the field. That is a
tall order mainly due to economic reasons but can also restrict the innovation making
it very unlikely. Even with ONNX there are still many challenges that remain open
questions because the software stacks that hardware vendors provide for developers has
not caught up to the hardware they release. I anticipate this to always be a problem
going forward as hardware architectures continue to evolve. The best solutions going
forward will likely involve model graph-level intermediate representations to make ML

workflows portable across software and hardware stacks.
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Chapter 3

CANCER DRUG RESPONSE MODELS

This chapter focuses on the work done to improve drug discovery workflows
by making them more portable and improving the predictive capabilities of the ML

models.

3.1 Porting cancer applications to UDel’s DARWIN and non-DOE systems
Resources and codes such as AMPL (ATOM Modeling Pipeline)[55] and CAN-
DLE (Cancer Distributed Learning Environment) [94] benchmarks were previously not
tested in NIH compute clusters such as Biowulf. There is a need to port these resources
to systems such as UD’s DARWIN system to test and document the process of running
them. DARWIN was the first system to which NCI’s resources had to be ported to.

3.1.1 ATOM Modeling Pipeline (AMPL) overview

AMPL was the first to be ported to DARWIN, where its dependencies such as
DeepChem had to be installed and verified. One of the key challenges faced when
porting such libraries is the novel software ecosystems made available by each system.
The processes and documentation of one system often do not work when switching
to other high performance computing (HPC) clusters. Porting AMPL to DARWIN
was not technically challenging when using the Anaconda package manager. Some
challenges faced included problems such as DARWIN being limited to Python3.8 while
the AMPL dependency DeepChem required Python3.8. Some problems are discovered
only at run-time rather than during installation. So its important to thoroughly test all
the models that are important. Sometimes HPC systems and clusters themselves are

the problem. In such instances, there isn’t much that can be done except to wait for
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the system or software issues to be resolved by the systems administrators. DARWIN
was transitioning into the production phase when this work was initially attempted.
That meant issues such as system downtime and software issues.

In addition to running AMPL directly on the system, the work also showed
the AMPL library can be containerized using Singularity on DARWIN. This included
making the underlying NVIDIA V100 GPUs accessible to the container running AMPL.
In the next phase, this work was repeated on Georgia Tech’s Phoenix cluster. As noted
previously, changing systems usually involves working with the available software and
libraries to install and run the code and models. Initially, there were CUDA errors
that were previously not seen on DARWIN. Eventually, a repeatable solution to make

it work was established and documented.

3.1.2 Cancer Distributed Learning Environment (CANDLE) Benchmarks
After AMPL, CANDLE benchmarks were ported to DARWIN with the same
goals as with AMPL where the model training would be tested on all the compute
resources available and all the issues and challenges fixed and documented. For CAN-
DLE, each of the Pilots (Pilot 1, 2, & 3) and every model in each of the Pilots had to
be verified and tested on each system. This includes ten benchmarks in Pilot 1, one
in Pilot 2, and 10 in Pilot 3. In many cases, there is a lot of overlap in the package
dependencies between the benchmarks but in many cases each benchmark can have
unique requirements. After successfully porting and validating CANDLE Benchmarks
on DARWIN the process was repeated for GA Tech’s Phoenix cluster. The experience
of going through this process for AMPL helped speed up the process for CANDLE.
In addition, the Phoenix cluster had one major advantage compared to UD’s
DARWIN cluster. Phoenix cluster had a program that made it easier to run AMPL and
access those notebooks on the user’s computer using the web browser. We replicated
that functionality on DARWIN, which did not have a built-in program that does that,
by creating a reverse SSH pipeline from the cluster to the user’s local machine. But the

process is complicated and requires initial setup not only every time a user works on the
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cluster but also every time the ssh connection disconnects. On the other hand, there
were some things we could do on DARWIN that were not possible on Phoenix such
as containerizing the code. Phoenix cluster prevented any use of container software

preventing us from deploying the code using them.

3.1.3 ARM-based Accelerators

There were various efforts to run codes such as AMPL and CANDLE on ARM-
based accelerators such as the A64FX processor found in the Fugaku supercomputer
and also the Ookami test bed at Stony Brook and the Ampere Altra processor. We had
access to the Ampere Altra through Oracle cloud but ultimately failed to get AMPL
and CANDLE working on it. During preliminary setup of systems on Oracle Cloud’s
that use the Arm based Ampere Altra processors there were issues during installation
of the Anaconda environment. Anaconda is necessary for applications such as AMPL
and CANDLE. The conda environment used to run CANDLE Pilots such as P3B1
relies on GPU versions of some packages like Tensorflow. In addition to fixing the
environment the code may have to be reconfigure to run on an Arm aarch64 operating
system. One advantage the Ookami and the A64FX processor had was the option to
use NVIDIA GPUs for acceleration which meant the existing packages and modules
would work natively on this system. This work proved that resources such as AMPL

and CANDLE can be ported to non-traditional accelerators such as the A64FX.

3.1.4 Accelerate NCI-DOE resources on next-gen NVIDIA A100s

The next task was to get access to and test the NCI-DOE resources on the next
generation NVIDIA A100 GPUs. The first system we got access to with A100s was
the JUWELS Booster system at the Julich computing center. Access to that system
was brief and CANDLE was successfully ported to the system and the A100 GPUs.
After losing access to that system, we obtained access to NERSC (National Energy
Research Scientific Computing Center’s) Perlmutter located at the Lawrence Berkeley

National Laboratory. In addition to access to more NVIDIA A100 GPUs, NERSC
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also has resources that make the system much more user friendly. One such resource
is the Jupyterhub where the compute resources can be accessed using a Jupyter GUI
(graphical user interface). Perlmutter was the end of the exploration of systems where
NCI-DOE are ported to and tested on. At the same time, Perlmutter became the
default system for ML workflows due to the software advantages it had compared to

other systems previously tested.

3.2 Adapt models to tissue data

The advancement in high-throughput technologies has produced increased amount
of data that has enabled design and delivery of precise cancer treatment plan for a spe-
cific characteristics of a patient. The data from these methods has also enabled the
development of many computational models to predict the efficacy of these precision
treatment plans.

As a part of the NCI-DOE collaboration various machine learning algorithms
such as Combo, P1B3, Uno, UnoMT from CANDLE Pilot 1 project have been de-
veloped and benchmarked to predict drug response in various cancer cell lines. This
pilot was built with gene expression and drug response data from the NCI-60 Human
Cancer Cell Line Screen (NCI 60), NCI ALMANAC, NCI Sarcoma (SCL), NCI Small
Cell Lung Cancer (SCLC), Cancer Cell Line Encyclopedia (CCLE), Genomics of Drug
Sensitivity in Cancer (GDSC), Genentech Cell Line Screening Initiative (gCSI), and
Cancer Therapeutics Response Portal (CTRP) studies. The genes that were focused
for this pilot was obtained from the Library of Integrated Network-Based Cellular Sig-
natures (LINCS) 1000 study. Most of the modeling done using these datasets have
been trained using a single source of data and a single dataframe that encompasses
drug response data, gene expression data, and drug molecular descriptors to support
binary classification or regression machine learning models to predict drug response.

Though the cell lines-based algorithm provides insights into the drug response
based on the expression of the genes it may or may not be the same in a tumor-

normal tissue scenario. A cell line is a permanently established cell culture that will
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proliferate indefinitely given appropriate fresh medium and space. Lines differ from
cell strains in that they become immortalized. Previous studies by Ertel et. al[29]
indicates that though most of the gene expression values in tumor-normal tissues are
like the cell lines but the expression trend shows difference between tumor-normal
tissue and cell line due to altered pathways contributed by growth conditions[29]. This
research project will provide us with a scope to implement and assess all the machine
learning algorithms developed as a part of this pilot on tumor-normal tissue data.
Tumor-normal comparisons are crucial for identifying the somatic variants that act as
driver mutations in cancer progression. In addition, it will aid us to identify the best
performing algorithm for a particular cancer (such as breast, colon, lung, brain, skin
etc.)

The long-term goal of the research is to show that the capabilities developed
as a part of the NCI-DOE collaboration can be applied in various settings to show its
versatility and adaptability. The objective of the current study is to implement and
assess the machine learning capabilities developed as part of pilot 1 on a tumor-normal
tissue data. The first objective of the study is to provide a comprehensive assessment
of machine learning capabilities developed in Pilot 1 on tissue data instead of cell
line data. The next objective is to review the performance of each of the machine
learning methods on the tissue data. Finally, outline and show case the adoption
and implementation of the developed capabilities on a different data to answer the
following biological question. Can the machine learning methods developed as part of
pilot1 be applied to tumor-normal tissue data? Another goal of this study is to find
the best performing algorithm, such as Combo, P1B3, Uno, UnoMT, for the tumor-
normal tissue data. And finally, its important to answer what model performs well for
a particular type of cancer (such as breast, colon, lung, brain, skin, etc.) based on the
tumor-normal data. The challenge is to find the corresponding drug response data for

the tissue datasets.
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3.2.1 Combination drug response predictor (Combo)

The CANDLE benchmarks include several pilots, including P1B1 (gene expres-
sion autoencoder model), P1B2 (cancer type classification), P1B3 (single drug response
model), and Combo (Combination of drugs response model). The focus of the work
that follows in the following paragraphs will be on the Combo model. The Combo
model uses a pair of drugs to predict the growth value of cellines.

The first study focuses on replacing celline-based gene expression data with
normal and tumor cell tissue normalized data. The dataset for this came from TCGA
(The Cancer Genome Atlas) [87] program. For the initial tests, data was downloaded
from existing studies in order to benchmark the models against published work. Using
STAR as the aligner for tumor normal and tumor cell datasets for GTEx (Genotype
tissue expression) [21] data in FPKM (Fragments per Kilobase of transcript per Million
mapped reads) format.

The question here was whether the focus should be on a single type of cancer
dataset or whether it should include all types of cancers or combinations of cancer
types. We started with a colon cancer dataset, but there were immediate questions if
a more balanced dataset should be chosen. That lead us to the thyroid tumor-normal
tissue data. We replaced the celline data with tumor-normal data in the Combo drug
response model to see how the existing Combo model would perform on new types of
data.

To obtain drug response combo scores, real patient data was used as a test set
when the model was originally trained on cell line data. The primary steps included

1) obtain a few samples of normal and disease data where these samples could
be specific to one type of cancer. 2) perform normalization of RNA-seq data. 3) use
the new normalized RNA-seq set to calculate a combo score and compare the pairs of
scores with the cell line score.

This required changes in the Combo model inference scripts to accommodate
new test data. This gave us information on whether the score changed when we built

a new model with real patient data GTEX (control) and GDC (disease) to test with

32



patient dataset. In other words, we retrain the new model with additional new data

and repeat steps 1, 2, and 3. The results did not show promise in this methodology.

3.2.2 Methodology

Obtain tissue data from public databases such as GTEX [21], TCGA [87] and
drug response data from PharmacoDB[31]. The data is then pre-processed to suit
the model to which the data is applied. Split the data in to training, validation, and
test sets. Run the model and optimize parameters using CANDLE for input datasets.
Finally, evaluate and compare the performance of various combination of models and

data.

3.2.3 Data gathering

Initially found a source for some tumor normal data in this work[91] discussing
unifying data from different sources and the data is split as expected count, unnor-
malized, and normalized data. The data is further split by disease/organ/cancer
types. While exploring the distribution of the available data[91], we noticed that
the data distribution between the tissue-normal and tumor data was skewed for many
organs/cancer types. Choosing data for a cancer type that has more of an even distri-
bution seemed like the most prudent approach. So we settled on thyroid (THCA) data.
Rather than using the normal GTEX data from this work[91] we are now focusing on
using disease (cancer) data from GDC (NCI Genomic Data Commons)[56]. Gathering
real patient data from GDC with the study’s focus concentrated on TCGA data where
some of the diseases (cancer types) of primary interest are included below.

Then the GDC-rnaseq-tool[74] was used to download the training data. This
data is then filtered using the LINCS1000[85] gene list consisting of 934 genes. Then
we normalize the data using log10 normalization. If necessary, batch normalization[66]
will also be applied to this dataset.

Subsequently, the data was narrowed to a single cancer THCA for the initial test

because the data from all the diseases are being used. The size of the data increases
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Figure 3.1: Figure shows various TCGA cancer types and the data available for each
disease

as expected and this requires us to move the workflow to a system such as DARWIN

due to increase in memory usage.

3.2.4 Testing CANDLE Pilot 1 models on tumor-normal tissue data
Changes were required in order to test the existing COMBO model on tumor
data. Specifically the existing model, trained on cell line data, must be able to accom-
modate the new tumor data to make predictions on it. First, the TCGA disease and
normal data is filtered through the LINCS1000 gene list. The data was then narrowed
to TCGA-THCA (thyroid) data. In addition to the disease samples in TCGA-THCA,
there are also about 58 normal samples available to be tested, and this data had to go
through the same data filtering and normalization pipeline made for disease samples.
The work resulted in a reliable data preprocessing pipeline to have COMBO
model predict on TCGA data that is in FPKM-UQ format. The gene expression
datasets for cancer cell lines, generated using RNA-Seq, were collected from the follow-
ing sources: NCI-60, CCLE, and GDSC. The CTRP and gCSI drug response datasets
were generated using the cell lines from the CCLE dataset. Hence, for those, the gene

expression data from the matching cell lines were used in the CCLE dataset. The

gene expression values were represented as FPKM values. The genes were filtered into
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a common set of 17,743 protein coding genes or LINCS1000 genes, and the FPKM
values were transformed into TPM values (FPKM * 10E6 / Sum of all FPKM val-
ues), and log(2) transformed. This allowed the pre-trained COMBO model to accept
TCGA-THCA (thyroid) data to get Combo scores for each of the samples passed in
for inference. Some changes made to the data during preprocessing include the fol-
lowing. The preprocessing steps were modified to make sure the list of genes, which
make up the columns in the dataset used at inference time, are in the same order as
the data for cell line expression samples. In addition, the tissue samples contain extra
genes compared to the cell line data and the Combo model is only designed to take
the number of genes in the cell line data. So after filtering the tissue data with the
LINCS1000 genes list we also need to filter it by genes found in cell line data. Initially
we chose the number of genes based on how many could fit in the Combo model layer
but eventually fixed it to make sure we only use genes found in cell line data. There
were more genes in the tissue data compared to the cell line data. The following is a
subset of the results from comparing the Combo scores generated across various drug
sets and comparing between various cell line sample sets and TCGA-THCA (Thyroid)
tissue samples.

These tests were performed on various datasets. The following charts depict the
results of the COMBO model trained on various datasets and predicted on each of the

datasets where the purple dots represent the tissue data.

ALMANAC Dataframe and Plots

df_almanac.head()

Drugil Drug2 NCI&D NCIPDM GDSC RTS TCGA_THCA
0 NSC.102818 NSC.102816 -6.536485 -5.884707 -6.916785 -5B58955 -6.067032
1 NSC.102816 MNSC105014 -6.758859 6172516 7.261779 -5.880153 6.050018
2 NSC.102818 NSC.109724 -6.694B49 -6.543044 -6824019 -5726673 -5.648742
3 NSC.102816 NSC.11B218 -6.661502 -7.064325 -7.033169 -6.427966 -5969188
4 NSC.102816 MNSC.119875 -6.657816 -5.946487 -7.234264 -6.B36782 -6.296148

Figure 3.2: Example predictions for various data sets for model trained with AL-

MANAC data
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ALMANAC Drug sampleset

43888

Figure 3.3: Plot of predictions for several data sets when model trained with AL-
MANAC data

ALMANAC Drug sampleset (Smaller Window)

EEEEH

Figure 3.4: Plot of predictions for several data sets when model trained with AL-
MANAC data (smaller scale)

The results did not show promise for the model ability to train on cell line data
and perform well on tumor data. This prompted a pivot back to focusing on improving

the cell line data.

3.3 Improving CANDLE Pilot 1 models
3.3.1 Single drug response models
This is when the research backtracked to focus on simpler models due to the

complexity of what was being proposed and experimented. The experiments shifted the
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GDSC DataFrame and plots

df gdsec.head()

Drug1 Drug2 NCIED  NCIPDM GDSC RTS TCGA_THCA

0 PubChemCID.10027278 PubChemCID10027278 -7.187004 -7.236749 -5.109547 -6.362080 -6.155531
1 PubChemCiID.10027278 PubChemCID.10074640 -6.993516 -7.195045 -5.032453 -B.566966 -7.073278
PubChemCID.10027278  PubChemCID.10077147 -6.848020 -6.743789 -5484946 -6.864372 -6.674413
PubChemCID.10027278 PubChemCID.10096043 -6.773817 -6751509 -5552955 -7.046565 -6.427799

- " R |

PubChemCID.10027278 PubChemCID.10109823 -6.872153 -6.771286 -5.977024 -7.194240 -7.044696

Figure 3.5: Example predictions for various data sets for model trained with GDSC
data

GDSC Drug sampleset
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E ) £
Index positions of combinations of drugs from sampleset

Figure 3.6: Plot of predictions for several data sets when model trained with GDSC
data

Combo model to P1B3. The only difference between the two models was that Combo
was based on the drug response of two drugs, whereas P1B3 (single drug response
model) as the name suggests is based on a single drug response metric. P1B3 code was
closely examined to determine the input data format. The focus then shifted to P1B3
for tissue data before applying those techniques in the more complex Combo model.
To that end we looked at P1B3 and the baseline test accuracy is 67%. So we set
out to find more data to retrain the model to improve its test accuracy. Next, P1B3
was retrained with NCI60’s 20,000 protein coding genes dataset. The next task was to
bring in more cell line data from other sources such as CCLE, CTRP, gCSI, GDSCm
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Figure 3.7: Plot of predictions for several data sets when model trained with GDSC
data (smaller scale)

NCI_IOA_AOA DataFrame and plots

df neci ioa_ aoa.head()

Drug1 Drug2 NCIED  NCIPDM GDSC RTS TCGA_THCA
0 NSC.102816 NSC.102816 -6.748287 -6.764788 -6.650192 -6.134347 -6.922942
1 NSC.102816 NSC.105014 -6.963635 -6.578068 -7.517027 -6.195334 -6.977830
NSC.102816 NSC.109724 -7.028354 -6.741415 -7.280639 -5.863832 -7.445742

NSC.102816 NSC.118218 -6.858385 -6.875876 -6.453697 -6.287112 -7.042880

BoWw oM

NSC.102816 NSC.122758 -6.267356 -6.8024671 -7.603879 -5.807427 -6.500591

Figure 3.8: Example predictions for various data sets for model trained with NCI
data

and NCI60. Some of these datasets would have to be constructed using datasets from
various sources in order to test them. The focus of the data at this time also shifted

to CCLE datasets because that was a dataset of interest to our collaborators at NCI.

3.3.1.1 Cancer Cell Line Encyclopedia (CCLE) data preprocessing
Initially, when looking for new data for P1B3, one idea was to take data the

Combo models datasets. Although Combo has expression and drug data from various

sources, it would not suffice for P1B3. The problem was with drug response data that

was available for a pair of drugs and their response instead for only a single drug.
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Figure 3.9: Plot of predictions for several data sets when model trained with GDSC
data

NCI_IOA_AOA Drug sampleset (smaller Window)
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Figure 3.10: Plot of predictions for several data sets when model trained with GDSC
data (smaller scale)

The corresponding drug response data for the CCLE expression data is GDSC.The
DEPMAP portal[11l] contains both the CCLE expression data inside a file named

)

”"CCLE _expression.csv” and the dose response data is found under ”Sanger GDSC1
and GDSC2” where the corresponding files are “sanger-dose-response.csv and sanger-
viability.csv”. Another big change we made to the datasets that remained for the rest
of the study was filtering of the genes in the rna-seq gene expression data from 20,000

protein-coding genes to 934 Lincs1000 genes.

There was an immediate data gap since the CCLE expression data contains a
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RTS DataFrame and plots

df rts.head()

Drug1 Drug2 NCIE0  NCIPDM GDSC RTS TCGA_THCA
0 NSC.1M19875 NSC.1M18875 -7.194733 -7089354 -6.081955 -7.171214 -6.711499
1 NSC.119875 NSCI123127 -7.210891 -6.947467 -6.195573 -7.071301 -7.241853
2 NSC.1M19875 NSC.125973 -6.694912 -7.984023 -6.199084 -7.256630 -6.758933
3 NSC.1M9875 MNSC.256439 -7.008615 -7.558675 -6.040085 -7.535584 -6.606566
4 NSC.1M9875 NSC.326408 -7.545822 -6.990131 -6.182291 -6.888505 -7.334513

Figure 3.11: Example predictions for various data sets for model trained with RTS
data

RTS Drug sampleset
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Figure 3.12: Plot of predictions for several data sets when model trained with RTS
data

column named ‘ARXSPAN_ID’ while the GDSC dose response data did not. Instead,
it had a ‘COSMIC_ID’ column. Had to resort to using another dataset called ”fitted
dose response” which contained both ‘COSMIC_ID’ and ‘ARXSPAN_ID’ to map the
expression data to the dose response data. For the dose response data, the log of 1C50
values is computed because the NCI dose response data is in that format. And filter it
to keep only relevant columns such as "DRUG_ID”, ‘ARXSPAN_ID’; "log_ic50”, and
'Z_.SCORE_PUBLISHED'. Concatenate the dose response of GDSC1 and GDSC2 and
make a set of all COSMIC_IDs. All except for one can be found in the sanger-dose-
response dataset. So we can find the corresponding ARXSPAN_IDs by creating a new
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Figure 3.13: Plot of predictions for several data sets when model trained with RTS
data (smaller scale)

dataframe that contains two columns of ‘ARXSPAN_ID’ and ‘COSMIC_ID’ and drop
all duplicates from the sanger dose-response dataset. Here, a brute force for loop can
take days to merge the data since the dataframe retrievals for each row is slow. An
inner merge using ‘COSMIC_ID’ is much faster. Then the data had to be cleaned to
remove missing values and finally the dose response data was filtered based on the drug
descriptor availability and the two dose response datasets were concatenated for more
samples.

When preprocessing CCLE expression data we filter it so that each of the sam-
ples has the corresponding drug response data in the final combined dose response data
above. Finally, we have the drug descriptor dataset ‘pan_drugs_dragon7_descriptors.tsv’
from Modac[57]. Since this includes drug descriptors from all drug datasets, we only
take the ones corresponding to GDSC. Filtered the dose response data one more time
to only include the drugs for which the corresponding drug descriptor data exists. And
finally format the data into the same shape, types, and form as NCI60 data to require
minimal changes to the model training code.

One of the problems we ran into already is that calling the merge() function in
Pandas dataframe to combine the datasets requires at least 500GB of CPU memory

and overwhelmed even the system with the most single node memory we had access to.

41



P1B3 is designed to not merge all the data at once and instead to complete the merge
in batches. We overcame this limitation by performing the final merge in compute
jobs on systems, such as DARWIN and NERSC’s Perlmutter, where 500GB of CPU

memory can be allocated.

3.3.1.2 CCLE results

P1B3 model trained on CCLE expression data and GDSC drug data performed
poorly. Initially, the same parameters as the old model were used to train the model
with the new CCLE dataset. It converges to its best accuracy in 10-15 epochs and had
a test accuracy of 57%. This performed worse than the original NCI60 data which
was 60%. NCI60 has much more drug response data, but on the other hand, it has
much less RNA-seq gene expression data. The old NCI expression dataset had only
60 samples whereas the CCLE dataset has 700 samples. The expectation was for
the new model to perform better. In terms of drug response data, the NCI dataset is
much larger and more comprehensive compared to the sanger dose response dataset we
found. The way the codebase preprocesses and merges the data takes the dose response
data first and then merges in expression and drug descriptor datasets.

The results for various datasets made us explore alternate machine learning mod-
els and modeling techniques to improve drug response performance. Another dataset
change we explored was the exclusion of drug descriptor data to test whether those
features in the model added value.

At this point, the experiments and results gave us a good idea of what types of
datasets are used for the class of research problem that is addressed in this work. All
of the data was structured and tabular in nature. So we explored the literature to find
ideal candidates for such types of data. Initially, our work was limited to adjacent work
in cancer drug response models but then expanded the scope of our search. The search
led to many studies that showed that tree-based models such as Random Forests and
XGBoost are the ideal model candidates to test initially. We chose XGBoost because

it is more robust for our use case.
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3.3.2 Tree-based models

Any new XGBoost model trained must be compared with the existing model
architecture in P1B3. P1B3 uses an MLP(multilayer perceptron)-based CNN model.
Various datasets such as GDSC2 and CCLE were tested on the XGBoost model. The
combination of models and data sets was tested to gain insight into the performance
of each combination. XGBoost can be either a classification or a regression model. To
predict cell growth, we use the regression model. This work was primarily done in the
scikitlearn stack where the model, evaluation metrics, and hyperparameter optimiza-
tion came from the built-in modules.

Various experiments were conducted to check whether the models learned on
one type of data translated to accurate predictions on another type of dataset. One
such experiment included training on the CCLE data set and a test set of NCI60 data.
In order to run this experiment properly, the datasets had to be normalized. This
is because various sources of data have various properties that must be normalized.
When normalizing, one set of data is set as the reference data. In this case the CCLE
dataset became the reference data where the NCI60 data was normalized according to
the CCLE data.

Eventually, the focus of the study narrowed down to CCLE data. In addition,
the metric the study focused on changed from the growth value of the cell line to the
IC50 score. At the same time, the concentration value that represents the dosage of

the drug was removed as a feature from the data set.

3.3.2.1 Data preprocessing

After the dataset was initially prepared and the model was trained there was
a question regarding the dose response dataset. There seemed to be multiple dosage
values for some drugs and thus multiple drug expression combinations for some drugs.
This was because when the data set was put together, the GDSC1 and GDSC2 dose
response datasets were combined. We finally decided to only use GDSC2 dataset. This
change meant that the original data had to go through all the pre-processing steps.
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3.4 Initial exp

eriment

First, the XGBoost model was trained using recommended parameters such as

n_estimators=1000, max_depth=10, eta=0.1, subsample=0.7, colsample_bytree=0.8.

N_estimators is the number of trees the model constructs. Max depth is the distance

from the leaf nodes to the head of the tree. Eta is the learning rate. Subsample is the

percentage of data it randomly samples prior to growing trees to reduce overfitting.

And colsample_bytree subsamples by tree rather than other factors such as level or

node.
K Fold Cross Val. | R? Score | RMSE Score
1 0.936 0.24
2 0.935 0.235
3 0.942 0.224
4 0.945 0.222
Table 3.1: K-fold cross validation
Parameter | Val 1 | Val 2 | Val 3
eta 0.1 0.3
max_depth | 3 6 10
subsample 0.5 0.7 0.9
n_estimators | 500 1000 | 2000
Table 3.2: Hyperparameter Optimization Values Tested
Parameters Mean Test Score
‘subsample’: 0.9, 'n_estimators’: 2000, 'max_depth’: 6, ’eta’: 0.1 | 0.96
‘subsample’: 0.9, 'n_estimators’: 2000, 'max_depth’: 3, ’eta’> 0.3 | 0.93
‘subsample’: 0.5, 'n_estimators’: 2000, 'max_depth’: 10, ’eta’: 0.3 | 0.84
'subsample’: 0.9, 'n_estimators’: 1000, 'max_depth’: 10, ’eta’> 0.3 | 0.90

Table 3.3: Results: Mean test scores for combinations of hyperparameters
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Hyperparameter optimization was performed using randomized search rather
than the grid search technique, and thus we may not have seen the best set of parame-
ters. The best parameter values were: Subsample: 0.9, n_estimators: 2000, max_depth:

6, eta:0.1. Out of these only eta value from the standard model remained.

3.4.1 Train on CCLE data and test on NCI60 data

The next experiment focuses on testing whether an XGBoost model on CCLE
data can perform well during inference on NCI60 data. Even though this seems
straightforward to test we cannot just use datasets from two varied sources and ex-
pect it to perform properly in a reliable method. This is because each dataset has
something known as the batch effect that is a distinct bias between datasets and the
removal of such batch effects are crucial for any analysis done that involves comparing
or combining the two disparate datasets. This effect is not just present in this sce-
nario. The benefit of combining batches of data to enhance model capabilities through
data augmentation is often inhibited by batch effects. Batch effects can be broadly
defined as variations in technical factors across batches of data. Its important to have
a method that removes batch effects while preserving biological signals in the data.
Therefore, we use the batch correction method Combat-seq [97] to normalize batches
and remove batch effects. Combat-seq uses a negative binomial regression model that
retains the integer nature of count data in RNA-seq data. We utilize a Python library
called pyComBat[5] that implements the technique described previously. We ensure
that both the CCLE and NCI60 expression data are filtered using common genes since
they become the features for the model. In other words, we only keep genes that are
common in both datasets.

The results of this normalization process were not as expected because we origi-
nally normalized the CCLE/GDSC IC50 dose response values with log2. We could not
do the same with NCI60 dose response values since many of them were negative and

log2 normalization would make them NaN.
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There was a question that came up after the experiment above asking whether
retraining the XGBoost model is necessary after Combat normalization where the main
variable being whether Combat changes the original dataset? If it does not and only
normalizes the new data then model training would not be required, and otherwise it
would. Initially, we were retraining the model because Combat normalization changed
the values of both the CCLE and NCI60 expression datasets. The assumption was that
the model had to be retrained on the Combat normalized CCLE dataset to predict on
Combat normalized NCI60 expression data. That’s not ideal for an end user who
would just want to predict on their expression data rather than retrain a model for
their particular dataset. The solution to avoid retraining the model is to specify a
reference batch when normalizing the new dataset so that the CCLE data will remain
the same, thus making it unnecessary to retrain the model for every new dataset an

end user wants to predict with our trained model.

3.4.1.1 Change from growth to concentration as predictor variable

In terms of the features the model uses during training, one of the major changes
we identified was to use the concentration values from the drug response data as an
output variable along with the growth value since the user will not have that data
to input to the model when making predictions. One of the difficulties of tree-based
models is that they are generally designed to have a single output variable. So there
will be challenges to adapting a tree-based model such as XGBoost to a multi-output

regression model.

3.4.2 Experimenting role of drug descriptors as features

A few experiments included training models without drug descriptors as fea-
tures. After a few iterations the conclusion was that XGBoost models trained with
drug descriptors included as features always improved model performance compared

to models trained without drug descriptors as features.
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3.4.3 New gene expression data

After the results of the previous experiments conducted on XGBoost models
with CCLE and NCI60 datasets either individually or in combination a new dataseta
was compiled. It was important to make sure the baseline model works as intended.
The new gene expression data were already combat normalized, so the only major
preprocessing needed was filtering with lincs1000 genes. One major difference between
this dataset and previous datasets is that this includes both the IC50 and AUC values
in the drug dataset.

When the model is trained with features such as gene expression values and drug
data such as drug identifier and IC50 values with the AUC being the output variable,
the model has an RMSE is 0.03 and R2 is 0.94. But the model seems to fail to
converge when we make IC50 the output variable. The same happens when we make
both AUC and IC50 the output variables. To test the importance of IC50 as a feature
variable we took the IC50 out as a feature from the original model that performed well
and the new RMSE is 0.0.7 and R2 is 0.73. So it seems like the IC50 value is an
important feature for the model.

An experiment that was conducted included training on NCI60 data and testing
on CCLE data. The CCLE expression and GDSE drug response data did not perform
well on NCI60 data.

3.4.4 Multi-output regression models

One major goal for this experiment was to make the XGBoost model a multi-
output regression model where it will predict more than one variable as outputs. This
proved to be more difficult than expected since the XGBoost and other tree-based
models are designed to have only one output variable. One solution is to use a wrapper
class called MultiOutputRegressor that builds a separate tree for each of the output
variables. As mentioned previously, our efforts to make both IC50 and AUC values

output variables did not yield good results. It seemed like the model was failing to
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converge as the error rates were extremely large for RMSE and large and negative for
R2.

In another experiment, we tested how each of the drugs in the dataset performs
in each of the cell lines. This meant that we get an output for every single drug. In
order to achieve this, a change had to be made to how the data is fed to the model. The
main changes included a change to the shape of the data and a model that can take
the shape of the new data. Since the model with IC50 and AUC as output variable
did not work, we wanted to experiment with something new. Inspired by work done in
TUDGA[69], we wanted to have the model output a value for each of the drugs in our
dataset. So when given a gene expression value the model will output a value for each
of the drugs. We built this manually where we constructed a separate XGBoost model
for each of the drugs in our dataset. Before we could set out to model this we had to
change the format of the dataset for this new problem. The original training dataset
had one row for each of the celline and drug combinations. We had to change this so
that each drug would now have its own column in the dataset just as each gene in the

gene expression has its own column. See data format example below.

genel | gene2 | gene3 | gened | geneb5 | DruglD | IC50 | AUC

cellinel
celline2
celline3
celline4

Table 3.4: Initial Data Format

genel | gene2 | gene3 | drugl | drug2 | drug3
cellinel AUC | AUC | AUC
celline2 AUC | AUC | AUC
celline3 AUC | AUC | AUC
cellined AUC | AUC | AUC

Table 3.5: New Data Format
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The implication here is that we cannot use all the drugs in our dataset since
the matrix of all drug and celline combinations is sparse. In other words, we do not
have data for every drug in our dataset for each celline. This means we have more
data cleanup to do. We need to get rid of drugs that have a large number of null
values and only keep those with minimal null values. Because we need a full matrix
without null values, we still have to remove any cellines that do not have data for any
of the remaining drugs we keep in our dataset. This will only be a few cellines and

thus should not affect the data too much.

Null values for celline and drug combinations
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CCLE1 CCLE 10 CCLE.11 CCLE.12 CCLE.13 CCLE 14 CCLE 15 CCLE.16 CCLE.17 CCLE.18 CCLE.19 CCLE2 CCLE.20 CCLE 21 CCLE 22 CCLE 23 CCLE24 CCLE3 CCLE4 CCLES CCLE6 CCLE7 CCLEB CCLE9
Drugs

Figure 3.14: Plot indicates that most of the cell lines had very few data points. So
the data was skewed by the few cell lines that had many data points

This ultimately proved to be an ineffective methodology. Building a separate
XGBoost model for each drug made each of the models perform poorly. Each model
had the same training data. Only the output variable, or the y values, was different.
The data was missing features that differentiate between each of the drugs and was the
conclusion of this experiment. The R2 error was always negative, which meant that the
model had a hard time finding a relationship in the dataset. One flaw in this technique

was that if there were 20 drugs in the dataset there would be 20 separate models, but
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each of those models would train on identical datasets. We needed features that the
model could learn to differentiate between each of the drugs. Drug descriptor data can
be perfect for this. At this point, it seemed like we exhausted all ideas about training
a model that works well without using drug descriptors. However, it is still important
to show predictions from the model for each drug where a user can input cellines into

the model and get predictions for each drug.

3.4.5 Computational metrics

The next step involved training the XGBoost model with CCLE drug descriptor
data in addition to the existing CCLE expression and drug response data. This also
meant that we no longer needed the training data restructuring we did in order to train
numerous models. We could revert to training a single model that should learn features
for all the drugs in the training data. After training on this new dataset the model
performed much better compared to the training dataset without drug descriptors. We
saw test accuracy in around 0.75 using the R2 error and 0.07 using RMSE error. In
addition, we create a separate validation set that we put aside before training and
included 10% of the cellines. The results were similar on this validation set. The
predicted results can also be shown in a format that displays the predicted AUC value
of every celline and drug combination. Fig. 3.15 is table where rows are celline names

and columns are drug names.

DRUG CCLE.1 CCLE.10 CCLE.11 CCLE.12 CCLE.13 CCLE.14 CCLE15 CCLE.16 CCLE.17 CCLE.18 .
celline

CCLE.697 0.816897 0.815736 0458766 0838903 06524170 0.503839 0.883535 0.761090 0.830739 0.331380
CCLE.A549 0.813823 0.831542 0.487750 0.855860 0.607623 0.635966 0.891217 0.779165 0.873731 0.519351
CCLE.GCIY 0.727843 0.825050 0483273 0.835842 NaN 0610703 0787389 0741021 0792341 0574883
CCLE.HARA 0.804909 0.826365 0.500451 0.832993 NaN 0.612438 0.890629 0.778914 NaN  0.411794
CCLE.HCC1806 0.795179 0.759296 0.509218 0.774433 NaN 0.659702 0.766397 0.672768 0.850499 0.420345
CCLE.HCC2935 0.800697 0789257 0.488551 0.858355 0.573109 0.630874 0.907704 0.629418 0.912466 0.448176
CCLE.HEP3B217 0.771761 0.803841 0.469095 0850280 0.587152 0.551296 0.863317 0.651744 0.889185 0.452220

CCLE.HS746T 0.851679 0.865389 0.512534 0.851741 NaN 0.626984 0.861128 0.809554 0.852762 0.456422

Figure 3.15: Table of predictions for CCLE cell lines (rows) for each of CCLE drugs
(columns)
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celline DRUG AUC_pred AUC_true AUC_diff
92 CCLE.697 CCLEA 0.816897 0.7692 0.047697
a3 CCLE.697 CCLE10  0.815736 0.7777 0.038036
94 CCLE.697 CCLE11 0.458766 0.3723 0.086466
95 CCLE.697 CCLE12 0.838903 0.7869 0.052003

96 CCLE.697 CCLE4 0.503839 0.4337 0.070139

10532 CCLEUTIBMG CCLE.8 0.820348 0.8317 0.011354
10533 CCLEUM8BMG CCLE.® 0.898613 0.9665 0.067887
10534 CCLEUTIBMG CCLE13  0.610430 0.5646 0.045830
10535 CCLEUT18MG CCLE.17 0.882105 0.9213 0.039195

10536 CCLE.UT1BMG CCLE.2 0.868536 0.8486 0.019936

Figure 3.16: Table derived from Table 3.15 showing predicted, true, and margin
between the two for each CCLE cell line and drug combination

* Parameters tested
* ETA: [0.1,0.3]
* Max_depth: [3, 6, 10]
¢ Subsample: [0.5, 0.7, 0.9]
 N_estimators: [500, 1000, 2000]
* Best parameters: ETA: 0.1, max_depth: 10, subsample: 0.5,
n_estimators: 500
* Mean test score for best parameters: 0.7

* Validation scores: RMSE: 0.0|7, R2:0.75

Figure 3.17: Several hyperparameters tested for CCLE

When we used the best hyperparameters to train a new model as validation the
R2 score was 0.75 on the test set and 0.74 on validation set while the RMSE error was

0.076 and 0.083 on the test and validations sets respectively.

3.4.5.1 Convolutional Neural Networks (CNN) results

Next, we wanted to compare the XGBoost model to the original CNN model
from P1B3. So we trained the CNN model using the CCLE expression, dose response,
and drug descriptor data. This involved making changes to the code that does prepro-
cessing before the CNN model is trained to account for the new column names. Even
though we are now using the AUC value as the predictor (output) variable and the
CCLE expression and drug response data is new, the model performs similar to the

original NCI60 data CNN model using mean squared error test accuracy. But when
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we use the evaluation metric functionality and using the metric “root mean squared”
error it converges to an RMSE of around 0.06 within 50 epochs. This is similar to what
we saw with the XGBoost model.

Initially, we were unable to compare XGBoost and CNN head-to-head due to
difficulty obtaining an R? score error metric from the CNN model built with Keras.
The TensorFlow version would not allow us to use the R? score as a metric. To solve
this, we had to use other libraries to obtain the R? score, but even then we can only do
that at inference time. So we only have an R? score for the test error, not the training
error.

The CNN model is doing poorly on the test set. R? score error is negative, which
probably means that the model fails to converge. And RMSE is 5. For both these
metrics, the value should be between 0 and 1 where lower R-squared is better while
higher RMSE is ideal. The solution should be to perform hyperparameter optimization
to improve model performance. There could also be issues with data preprocessing that
cause this issue that must be identified and fixed. Improving the R-squared value based
on the predictions on the CNN model trained with the CCLE dataset is important.
To illustrate the difference between the CNN and CCLE model predictions, here is a
sample comparison of the predictive capability of XGBoost on the left and CNN on
the right. CNN model trained on the CCLE dataset does not seem to be reliable in
predicting the output value. In some cases, as illustrated below, it predicts negative
values.

The table below shows the results of various hyperparameter optimization tests
performed and the subsequent R? score and the RMSE error values seen. As you can
see below, the Tanh activation function appears to significantly improve performance,
but the R? score is still negative. This may still mean that the CNN model is failing to
converge and model the relationship in the dataset to reliably make predictions. The
RMSE errors are much better and in the range where we expect them to be.

The results from CNN hyperparameter optimization of the model trained with

CCLE data prompted us to switch back to NCI60 for our primary dataset that we will
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celline DRUG AUC_pred AUC_true

92 CCLE.697 CCLE1  0.816897 0.7692
23 CCLE.697 CCLE.10  0.815736 0.7777
24 CCLE.697 CCLEMNM 0.458766 0.3723
95 CCLE.697 CCLE.12Z 0.838903 0.7869
26 CCLE.697 CCLE4 0.503839 0.4337

10532 CCLEUMBMG CCLEB8 0.820348 0.8317
10633 CCLEU1BMG CCLE.S 0.898613 0.9665
10534 CCLEUMBMG CCLEA3  0.610430 0.5646
10535 CCLEUMBMG CCLEA7  0.882105 0.8213

10636 CCLEUNBMG CCLE.2 0.8B68536 0.8486

Figure 3.18: XGBoost model predictions for CCLE data

celline DRUG AUC_true AUC_pred

4] CCLE.697 CCLEA 0.7692 3.717297

]

CCLE.697 CCLEM 0.3723 33.181919
CCLE.697 CCLE.12 0.7869 40.043743

CCLE.697 CCLE14 0.4337 -45.146439

m B oW

CCLE.697 CCLE.15 0.8721 40931801

1082 CCLEUMBMG CCLE7 0.9969 3B8.088825
1083 CCLE.UNBMG CCLESB 0.8317 33.303879
1084 CCLE.U1M8MG CCLE9 0.9665 145.045980
1086 CCLE.U1MBMG CCLE.A7 09213 39.331879

1087 CCLE.UMBMG CCLE.2 0.8486 62.234158

Figure 3.19: CNN model predictions for CCLE data

use to evaluate XGBoost and compare with the CNN model.

Once I switched to training and evaluating the XGBoost model with NCI60
dataset, I ran into an old problem that we left unaddressed from a few months ago.
Due to the nature of XGBoost model training, it does not allow training in batch

mode. CNN does, which means only the current batch of data must be merged to
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Activation | Learning Rate | R? Score | RMSE Score
Relu 0.001 -5282775 | 310

Relu 0.01 -20723 19.46

Relu 0.1 NaN NaN

Tanh 0.001 -52.8 0.99

Tanh 0.01 -37.39 0.83

Tanh 0.1 -36.56 0.82

Table 3.6: K-fold cross validation

input into the model instead of the entire dataset. This saves us memory during the
merge performed before feeding the data to the model for training. XGBoost takes all
the data at the beginning before we start training thus all the NCI60 datasets must
be merged prior to training. This regularly caused us memory issues on NERSC’s
Perlmutter system. One solution would be to implement distributed pandas dataframe
and distributed XGBoost training workflow to try and solve this issue. But that would
take a while to reconfigure the codebase and is slightly complex but achievable. After
speaking with our collaborators and testing various chunks of the dataset, we decided
to train the XGBoost model on a limited number of drugs in the NCI60 dataset. Where
the model performance did not differ no matter which chunk of the drugs we chose to
train the model with. But this seemed arbitrary, so we wanted to come up with a more
reasonable approach to filtering the data. An idea from our collaborator was to use

FDA approved drugs to train the model.

3.4.6 FDA approved drug only models

First step was to gather the list of FDA approved drugs and then cross reference
them with NCI60 drugs. I was able to find 459 FDA approved drugs in the NCI60
drugs list. But after cross-referencing with the drug descriptor data we have for all
NCI60 drugs I discovered that only 159 FDA approved drugs in the NCI60 drug list had
a corresponding drug descriptor row of data. This meant that our data set would have

a maximum of 159 NCI60 drugs compared to the previous 10,000 randomly selected
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NCI60 drugs. That also meant that I had to try a better drug descriptor dataset
for NCI60 to increase the number of drugs in the training set to as close to 459 as
possible. However, the effort was unsuccessful as I had to cross-reference multiple
datasets because of the IDs being used by the drug descriptor dataset we found. In the
end [ found drug descriptor values for only 74 additional drugs and the dataset was
in Mordred format where the drug descriptor columns of the new data found and the
existing data did not line up, forcing us to filter columns to include only the common
descriptor columns between Mordred and Dragon 7.

This meant that we were probably better off proceeding with the 159 FDA-
approved NCI60 drugs for which we have drug descriptors. Therefore, testing with
the drug descriptor dataset was ultimately unsuccessful. Now the plan was to train
XGBoost with only 159 NCI60 drugs and then try to fix the memory issues of using
the entire NCI60 drug set.

The XGBoost model built with 159 FDA approved NCI60 anticancer drugs had
a R? error of 0.85 and an RMSE error of 0.06. The validation set with six cellines (out
of 60) set aside had a R? error: 0.72 and a RMSE error of 0.09.

3.4.6.1 Results across several performance metrics

Cori and Perlmutter are systems located at NERSC at Lawrence Berkeley Lab.
Cori is an all-CPU system while Perlmutter has the latest NVIDIA A100 GPUs. The
original CNN model is capable of running on both GPU and CPU by design since it is
built with the TensorFlow framework. However, the XGBoost model runs on CPU by
default. To train XGBoost on a GPU we use the parameter ‘tree_method=’gpu_hist’
in the XGBRegressor function. As the results from the XGBoost model training show,
training times are lower on Perlmutter on both CPU and GPU compared to training
runs on Cori. Training XGBoost on Perlmutter’s A100 GPU had the lowest training
time of 57.69 seconds. Since Cori does not have GPUs, we can only compare the

training times across CPUs available on Cori and Perlmutter.
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The table below shows the effect of strong scaling on the training time of XG-
Boost across Cori and Perlmutter. Across all thread counts, Perlmutter trains XGBoost

faster than Cori, and both seem to train fastest when the thread count is around 16.

Time {seconds)

R squared

(=T =1

The chart above shows the accuracy when using the R2 error metric as the

Threads | Cori - Intel Xeon | Perlmutter - AMD EPYC
1 1074.41 518.74
2 584.05 307.25
4 328.51 195.45
8 223.07 142.80
16 164.22 120.23
32 161.76 123.08

Table 3.7: Results using XGBoost on CPUs in Seconds
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The chart above shows the accuracy when using the RMSE error metric as the

number of training samples increases.
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This chart shows the most significant features in the XGBoost model It seems

like ABCC5 is known to have anti-cancer properties in multi-drug settings.

3.4.7 Focus on NCI60 data

The custom CCLE + GDSC drug dataset we put together was difficult to eval-
uate on the original CNN model, making a performance comparison with the new
XGBoost model challenging. In order to have publishable results and a baseline to
compare with the focus data set, we returned to the NCI60 data. The next chapter
details the final results of that work.

3.4.8 Autoencoders for encoding features
There was an idea to use Autoencoders to encode features such as gene expres-

sion data or drug descriptors to see if the models we are testing would improve when
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paired with part of the data encoded using Autoencoders. We managed to train the
Autoencoder found in P1B1 with the CCLE dataset to have the model predict the type
of cancer disease given the gene expression data. There was a lot of data preprocessing
that had to be done to have the data ready for the model. The cell line names in drug
response data and gene expression data did not match where one had ARXSPAN_ID
while another had COSMIC_ID. We had to use another dataset that contained both
ARXSPAN_ID and COSMIC_ID to map the datasets with each other.

The original data consisted of the GDSC2 TCGA classification (cancer type)
and COSMIC_ID. CCLE gene expression data with FPKM values and ARXSPAN_ID.
And finally COSMIC_ARXSPAN which matches COSMIC_IDs to ARXSPAN_ID. The
goal here is to have data with cancer type and corresponding gene activation levels
that match the format of the data. The process includes dropping irrelevant columns
from GDSC2 (all we need is TCGA and Cosmic ID). Merge COSMIC_ARXSPAN into
GDSC2 by COSMIC_ID so that gdsc2 now has arxspan. Rename ccle_exp “cellname”
label with ARXSPAN_ID to match GDSC2’s label. And finally merge GDSC2 and
ccle_exp on ARXSPAN_ID to have cancer type paired with gene activation levels.

Training Data | MSE | R? Score | Correlation
GDC 0.033 | 0.15 0.81
CCLE cell line 0.0085 | 0.62 0.94

Table 3.8: Autoencoder Results

Ultimately, the experiments run on Autoencoder did not show enough promise

to replace or outperform existing methods.

3.5 Lessons Learned

The work and experiments described in this chapter lay the foundations of the
work that follows in the next couple of chapters. The key takeaway from this chapter
pertaining to making the cancer drug discovery workflows covered more portable is that

portability can be challenging even when using hardware accelerators with the same
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Figure 3.20: Autoencoder model loss plotted vs. training epochs

architecture. These challenges only compound as we switch hardware architectures, as
we see in future chapters.

On the other hand, improving drug response models’ predictive capabilities
brought its own set of challenges. The endeavor to make cell line models work on
tissue data yielded unsatisfactory results due to the lack of ground truth for tissue
datasets. This was known when starting the work, but it was still worth exploring
the viability of this idea. To make these models more robust for such approaches to
work, we constructed a new CCLE dataset for training. When changing the data did
not suffice, changing the model to XGBoost yielded better accuracy scores compared
to the existing CNN model. The process of comparing multiple model types proved
the need for a software abstraction to reduce friction for other ML practitioners to try

such experiments with their own datasets.
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Chapter 4

A NOVEL UTILITY FOR COMPARING NEURAL NET AND
TREE-BASED MODELS

The use of deep learning (DL) is steadily gaining traction in scientific challenges
such as cancer research. Advances in enhanced data generation, machine learning
algorithms, and compute infrastructure have led to an acceleration in the use of deep
learning in various domains of cancer research such as drug response problems. In our
study, we explored tree-based models to improve the accuracy of a single drug response
model and demonstrate that tree-based models such as XGBoost (eXtreme Gradient
Boosting) have advantages over deep learning models, such as a convolutional neural
network (CNN) for single drug response problems. However, comparing models is not
a trivial task. To make training and comparing CNNs and XGBoost more accessible to
users, we developed an open-source library called UNNT (A novel Utility for comparing
Neural Net and Tree-based models). The case studies in this chapter focus on cancer
drug response datasets; however, the application can be used on datasets from other
domains, such as chemistry.

Advancement in data science, machine learning (ML), and artificial intelligence
(AI) methods has enabled the extraction of meaningful information from large and
complex datasets that have helped to better understand, diagnose, and treat cancer.
The understanding of the drug response domain in cancer research has been accelerated
with the development of ML models to aid in the prediction of the effectiveness of drugs
based on a specific genomic molecular feature. In this study we developed a novel robust
framework called UNNT (A novel Utility for comparing Neural Net and Tree-based
models) that trains and compares deep learning method such as CNN and tree-based

method such as XGBoost on the user input dataset. We applied this software to the
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single drug response problem in cancer to identify the best performing ML method
based on the National Cancer Institute 60 (NCI60) dataset. In addition, we studied
the computational aspects of training each of these models where our results show
that neither is evidently superior on both CPUs and GPUs while training. This shows
that when both models have similar error rates for a dataset, the available hardware

determines the model choice for training.

4.1 Introduction

To leverage machine learning (ML) for cancer applications, the National Can-
cer Institute (NCI) at the National Institutes of Health (NIH) in collaboration with
the Department of Energy (DOE) established the Joint Design of Advanced Comput-
ing Solutions for Cancer (JDACS4C) program[7]. This program developed three pilot
projects focused on cancer research: Pilot 1-cellular level; Pilot 2-molecular level; Pilot
3-population level[?]. Along with the pilots, NCI-DOE also developed the CANDLE
(Cancer Distributed Learning Environment) [93] project for hyperparameter optimiza-
tion (HPO) on the models.

Our work in this paper is related to a subset of drug response problems addressed
in Pilot 1-cellular level. Specifically, our work builds on existing single drug response
predictor models officially known as P1B3, which uses a deep neural network to model
tumor growth based on gene expression, drug concentrations, and drug descriptors
data. We compared the performance of the existing CNN-based P1B3, built within
the CANDLE framework, with the new tree-based methods. We show that a tree-
based method, like XGBoost, is a better model than the CNN neural network when

the training data, such as drug response data, is tabular.

4.1.1 Background

Unlike computer vision models, which rely on unstructured data such as images,
the CANDLE framework drug response, and other models, rely on structured data in
tabular format. The big breakthrough in Deep Learning came because of the ability
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of neural networks to perform well on unstructured data such as images. Deep neural
networks have been successfully adapted to various domains outside of computer vision
such as natural language processing (NLP)[4] and through the CANDLE framework
to various problems in cancer research[93]. We tested the existing CNN model archi-
tecture used in CANDLE’s single drug response model with the NCI60 dataset, and it
peaked at an accuracy around 70%. Further improving such models will require data
augmentation or changing to a new model architecture.

Recent studies[82] have shown that tabular data may not require complex black-
box models such as CNNs to perform well. Gradient boosted decision tree (GBDT)
models such as XGBoost[16] can match or exceed the performance of deep learning
models[82]. State-of-the-art deep learning models for tabular data perform worse than
XGBoost when tested on new data not in their respective original studies[82].

In addition, more recent work investigates the differences between the models to
help researchers understand the inductive biases of each type of model[36]. Another re-
cent work conducts an in-depth survey comparing machine learning methods with deep
learning approaches [9]. It also concludes that GBDT ensembles tend to outperform
state-of-the-art deep learning models for tabular datasets [9]. On the other hand,[49]
takes a slightly different perspective compared to the two previous works cited[9][36].
The authors of this work explore the properties of datasets that make them better
suited for either Neural Networks or GBDTs. They find that GBDT models are better
at handling skewed feature distributions compared to neural networks. This is yet
another study conducted with the explicit goal of helping practitioners choose the best
model for their work.

All of these studies [9][36][49] help researchers and practitioners understand the
strategies that they should use for their own tabular datasets. In spite of all the analysis
from previous work, there still remains a need to help researchers and practitioners,
with their own tabular datasets, seamlessly compare the two model architectures rather
than only rely on the analysis and comparisons using fixed datasets provided by recent

studies. One of the major contributions of our work is to address that existing gap.
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The following paragraphs summarize the main characteristics of the two types
of models on which the analysis is based in the rest of the chapter. Tree-based models
are supervised learning methods that create decision trees based on the training data
provided. Decision trees are nodes in the tree-based model that create a ’split’ at a
particular point in the data range for a particular feature in the data, inferring rules
during this process. This model uses the Exact Greedy Algorithm[16] for split finding.
They can be used for both classification and regression problems.

The main difference occurs when the split occurs due to the different metrics
used to minimize loss. And unlike decision trees, regression trees contain a score on
each leaf that is used to calculate the final score by summing the leafs[16]. They
are formally known as Gradient Boosted Regression Trees (GBRT) and are part of a
larger class of methods known as Classification and Regression Trees (CART). During
training, XGBoost builds decision trees sequentially and then uses a technique known as
boosting, where each successive tree gives more weight to examples that were previously
misclassified. After each iteration, XGBoost computes the gradients of loss functions
based on predictions and then creates a new decision tree to reduce errors made by
previous trees[16].

The CNN model consists of a multilayer perceptron (MLP) and is a feed forward
neural network. It generally consists of an input layer, hidden layers, and an output
layer. The input layer receives the data and the hidden layers learn a continuous func-
tion based on the training data. These consist of convolutional layers called filters
(kernels) that slide over the input data and compute the dot product between their
weights and the input data by computing the summation of the product of correspond-
ing elements in two matrices[45]. Following this operation, known as a convolution,
non-linearity is introduced into the network using an activation function to learn com-
plex relationships between features. Then a pooling layer, also using a kernel, slides
across the data to reduce spatial dimensions and overfitting[42].

A series of convolutional and pooling layers are typically followed by at least

one fully connected layer to learn high-level features extracted by previous layers and
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the relationships between those features. After the forward pass through the network,
a loss function is used to compare CNN’s output to the ground truth and is used to
update the network’s weights and biases using backpropagation and gradient descent.
Backpropagation computes the gradient of the loss functions for each of the weights
and biases in the network going back to the input layer and these gradients are used
to update the model parameters to minimize loss using optimization techniques such
as gradient descent[45]. Finally, the output layers perform predictions which can be
classification or a numerical output in a regression problem. For classification, a soft-
max layer converts the raw output from the network into class probabilities. Many
other regularization techniques such as dropout are applied to prevent overfitting and
improve model performance[42]. This network architecture achieved state-of-the-art
results in domains with grid-like unstructured data such as images but is not ideal for

structured data.

4.2 Design and Implementation

Recent works such as [9], [36], and [49], which are complementary to our work,
explain how various models and datasets they explore perform with tabular datasets.
The extensive analysis in these papers[9][36][49] still leaves a gap where domain sci-
entists and researchers need to validate and test with their own data the findings of
the recent works cited. Their work further reinforces the need for an abstraction that
allows users to quickly test their own data and see if the conclusions of the studies can
be replicated. We address a major gap that remains because a user must eventually
apply the findings in these studies to their own datasets.

To address this gap and provide users with structured (tabular) data with the
option to compare both the CNN and XGBoost models, we developed an open source
comparative library called UNNT that allows users to bring their data to train both
models. See Fig. 4.1 for a flow chart that represents the library in S1 Fig. The

XGBoost model relies on the open source libraries from Distributed (Deep) Machine
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Learning Community (DMLC) which UNNT uses to provide users with the ability to
train XGBoost models [16].

CANDLE
UNNT
Y

000 @
. . . . CNN XGBoost . .
® ® O ¢

'| |
dmlc

XGBoost

& 0

CPU GPU

. F'" TensorFlow

Figure 4.1: A flow diagram shows various parts that make up the UNNT software

For data preprocessing, calculating metrics after training, and displaying re-
sults, we rely on other packages such as Pandas, Scikit-Learn, Numpy, and Matplotlib.
To build CNN models, we employ some of the functionality provided by the CANDLE
library in Pilot 1 Benchmark 3 to do data preprocessing, model definition and instanti-
ation, and model training. This has dependencies such as TensorFlow 1.0. In addition,
we use scikit-learn to import metrics to quantify the performance of the model.

The preprocessing steps are important for the predictive accuracy of our pre-
trained models to work on any data users bring to train CNN and XGBoost models.
Because the exact format of user-provided datasets is unknown, users are responsible
for any preprocessing and data cleaning steps that would be necessary prior to model

training. Users need to decide what features they want to keep in the dataset being
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used to train and test the models, and our models should be able to accommodate data
of any shape as long as it fits into the device memory. If the data do not fit into the
device memory of the system being used, it will require the user to distribute the data
and compute across more than one CPU/GPU. Libraries such as cuDF [61] can be
used to distribute data across NVIDIA GPUs and Dask [76] can be used to distribute
compute across CPUs/GPUs.

Once users provide their data, UNNT splits that data into training, validation,
and testing sets, and then the user can specify the percentage of data used for testing
and validation. The defaults are 70% training data and 30% test data for XGBoost,
while half of the test data is used for validation of the CNN model. We use scikit-learn’s
train_test_split() method to randomly sample since we are comparing it to a CNN model
that randomly sampled. The library converts each of the data splits into numpy arrays
to train using both CNN and XGBoost. There are several hyperparameters that can
be set, for both CNN and XGBoost models, and we will have recommended default
parameters which can be customized by the user. It is important to note that compared
to XGBoost CNN models are more complex and have more hyperparameters. In many
cases, there is little overlap between them. Users have full control of the parameters
tested to find the best combination of hyperparameters for their dataset for each of the
models.

Finally, UNNT provides users error metrics to evaluate both trained models

using their data, including R? and root mean square error (RMSE).

4.2.1 The sources, type, and format of data sets and the changes made for
this study
The data for the study was obtained from The Predictive Oncology Model
and Data Clearinghouse (MoDaC)[57] data warehouse that was released as part of
JDACS4CI7]. The dataset includes RNA-Seq expression profiles, drug response, and
molecular drug descriptors for National Cancer Institute 60 (NCI60)[81] cell lines.

66



RNA-Seq expression data from these various cell lines are normalized using
ComBat-seq [97]. The drug dose response data obtained from these cell lines are
normalized using a Hill slope model with three bounded parameters [83] and the
drug molecular descriptors were generated using the Dragon software package (ver-
sion 7.0) [15].

The NCI60 data includes a combination of gene expression values[75], drug

response values[59], and drug descriptors[60] found in MoDaC [57].
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Figure 4.2: Figure from [30] shows how AUC is calculated for each drug’s viability
based on its concentration

Our NCI60 data consists of data similar to the NCI60 data with which the
original single drug response model was trained using the CANDLE benchmarks, with
two main differences. Firstly, our data set uses only the lincs1000 genes[85] in the
RNA sequence gene expression data instead of all the protein coding genes, due to the
importance of those genes in the dataset. Secondly, the original NCI60 dataset in drug
response data uses ‘Growth’ and ‘Concentration’ values where ‘Growth’ is the target
variable and ‘Concentration’ is a feature we no longer use. The 'Growth’ value was
derived from the IC50 data point depicted in Fig. 4.2 representing the concentration
of a drug where the response is half its theoretical maximum[30].

The cell line drug response data is generated using the drug response curve,
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see Fig. 4.2, and various points along this curve are part of the original dataset we
obtained.

For our study, ‘Growth’ is replaced with ‘AUC’ data in the drug response dataset
because the area under the curve (AUC) [30] is a more definitive parameter that com-
bines both the potency (concentration) and the efficacy of a drug and is more robust
when comparing a single drug across multiple cell lines for similar dose levels. We see
this in Fig. 4.2 since IC50 is a single point of data along the drug response curve,

whereas AUC includes the area under the curve.

4.3 Results
4.3.1 Experimental Setup

The compute resources for this work used NSF sponsored cluster, DARWIN,
[78] at UDEL and Perlmutter[58], at LBNL. DARWIN and Perlmutter have GPU and
CPU nodes. DARWIN uses NVIDIA V100 GPUs, while Perlmutter has the latest A100
GPUs. DARWIN has AMD EPYC 32 core processors which are similar to Perlmutter,
which has an AMD EPYC 7713 64-core CPU.

4.3.2 XGBoost

We trained an XGBoost model using NCI60 expression, dose response, and
drug descriptor data with AUC as the target variable (predictor). Our observed test
accuracy yielded 0.83 for the R? score and 0.05 RMSE score. In addition, we created
a separate dataset set aside before training and included 10% of the cell lines. Table
5.3 shows the difference in test errors between the two.

To find the best set of hyperparameters, we performed hyperparameter opti-
mization using grid search technique and cross-validation. Grid search trains a new
model for every combination of hyperparameters while cross-validation uses a different
subset as test data to get an average across five subsets. The best set of hyperpa-
rameters found were ETA:0.1, Max depth: 10, Subsample: 0.5, N estimators:500. We

used these hyperparameters to train a new model, and the results are shown in Table
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5.3. Hyperparameter optimization led to a slight improvement, but was less than our
initial expectations. This was a result of well-documented ranges for the various pa-
rameters and thus we happened to choose values that were close to optimal for each of

the hyperparameters.

R? Score | RMSE Score
Test error 0.82 0.051
Test error with new cell lines | 0.76 0.065

Table 4.1: XGBoost Errors for Model Trained on NCI60 Data

XGBoost model training requires the training data to be fully merged before
training commences and this resulted in memory issues. To solve memory problems,
we experimented with smaller datasets and reduced the number of drugs from 30,000

to 159, based on a list of approved FDA drugs[59]. Results found in Table 4.2.

R? Score | RMSE Score
Test error 0.84 0.069
Test error with new cell lines | 0.66 0.094

Table 4.2: XGBoost Errors for Model Trained on NCI60 Data with Only FDA Ap-
proved Drugs List

4.3.3 CNN

We trained the original CNN model using the new NCI60 data as described in the
data section above. The results shown in Table 4.3 were after applying hyperparameter
optimization (HPO) and determining the best parameters where the learning rate is
0.01 and tanh as activation function. The model did not converge with other activation
functions, such as ReLLU, for the NCI60 data.

As shown in Table 4.3, the CNN model performed much worse than XGBoost
when trained on NCI60 data. The best possible value of the RMSE metric is 0 and

can go to infinity, but a value such as 0.81 does not give us good insight into the
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Table 4.3: CNN errors for NCI60 after training after performing HPO

R? score  RMSE score
Test error -30.32 0.81

quality of the regression model. On the other hand, the negative R? value for the
test score indicates that the performance of the model is poor, but its magnitude does
not indicate how poorly it performed. The best value for R? is 1, meaning the model
completely explains predicted data variability [18]. These results indicate that both R?
and RMSE scores show that the XGBoost model outperforms the CNN model trained
on this NCI60 dataset. It is important to emphasize that the choice of R? was highly
dependent on the nature of the dataset used in this study and may not be widely
applicable. For more analysis of the advantages of the R? score for datasets similar to

what we used for this study, see [18].

4.3.4 Training times of CNIN and XGBoost

The original CNN model is capable of running on both GPUs and CPUs by
design, since it is built with the TensorFlow framework. While the XGBoost model
runs on the CPU by default, it can also be trained on the GPU where we use the
parameter tree_method="gpu_hist” in the XGBRegressor function. This means that
both models in UNNT can be accelerated using GPUs. In the following section, we
show comparisons of model training times with CPUs and GPUs. Comparison of CPU

threads vs. single GPU performance shown in Table 4.4.

4.3.4.1 Training of full NCI60 drugs

In addition to the model built using only FDA approved drugs, we also built an
XGBoost model using all the available drug data we have access to; however, the use
of 30,000 drugs presented many challenges due to the volume. The main challenge to
using the entire drug list was to find a system with at least 500GB of memory for the

merged data before we train the XGBoost model.
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Threads | Time (hours)
1 5.6

2 6

4 5.94

8 6

16 5.9

32 6.7

64 7.2

V100 GPU | 0.3

Table 4.4: Results using XGBoost. Times for threads represents model runs on CPU
with the corresponding threads used for speedup. Last row corresponds
to running the same model on single NVIDIA V100 GPU

CNN models can have varying training times based on parameters used for
training such as subsampling with fewer features, specifying fewer training, validation,
test steps, and by reducing the number of training epochs. We discuss some of those
results. Table 4.5 shows that the CNN model does not improve as the number of epochs
increases, eliminating the benefit of higher epochs. And the difference between CNN
and XGBoost training times is large. Table 4.6 shows that the CNN model converges
to its optimal learning capacity in 1 epoch, hence it would still take three times longer

to train than an XGBoost model trained with a V100 GPU in the best case scenario

of 1 epoch.
Epochs | R? score | RMSE score | Time (hours)
1 -30.46 0.821 2.3
5 -30.32 0.819 114
10 -30.32 0.819 22.96
15 -30.32 0.819 34.36

Table 4.5: CNN model trained using all 30,000 drugs as features on an NVIDIA V100
GPU

When comparing training times from Tables 4.5 and 4.6 we can see that the
CNN model takes half as long to train on the CPU compared to training on the GPU.

This is most likely a result of the size of the dataset, where data transfer from CPU to
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GPU becomes a bottleneck and increases training time.

Epochs | R? score | RMSE score | Time (hours)
1 -30.35 0.81 1.1

5 -30.31 0.81 )

10 -30.32 0.81 9.97

15 -30.32 0.81 15

Table 4.6: CNN model trained with all features on a CPU

CPU (hours)

GPU (hours)

CNN

1.1

2.3

XGBoost

5.2

0.3

Table 4.7: Fastest training times for CNN and XGBoost on CPU and GPU (all
features)

4.3.4.2 Training on FDA approved drugs

Table 4.7 shows us that an XGBoost model trains much faster on a GPU when
training on a dataset that only contains FDA drug subset. We observed that the
training times on the CPU increased as more threads were added. This occurs when
the communication overhead is greater than the computational benefit of distributing
a model across cores.

Table 4.8 shows the one instance in which the CNN model trains faster than an
XGBoost model when training on a similar dataset. Comparing Tables 4.8 and 4.9, we
see that the CNN model trains faster on a CPU even with less training data. The CPU
results for CNN are not broken down by the number of threads because TensorFlow
1.0, the framework used to build the CNN model, does not support threading on CPUs.

Tables 4.7 and 4.10 show the advantage of training XGBoost on a V100 GPU
that is consistently the fastest for the same data. Finally, Table 4.11 validates that

using a GPU for XGBoost is optimal for training even with a smaller dataset.
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Table 4.8: Results using XGBoost. Times for threads represents model runs on CPU
with the corresponding threads used for speedup. Last row corresponds

Threads | Time (seconds)
1 1495.44

2 1527.33

4 1534.78

8 1549.24

16 1568.54

32 1599.01

64 1639.83

V100 GPU | 160

to running the same model on single NVIDIA V100 GPU

Epochs | R? score | RMSE score | Time (seconds)
1 -29.76 0.81 130
5 -30.18 0.81 592
10 -30.45 0.81 1186
15 -31.02 0.82 2355

Table 4.9: CNN model FDA drugs trained on a CPU

Epochs | R? score | RMSE score | Time (seconds)
1 -30.07 0.81 300
5 -30.96 0.81 1356
10 -30.33 0.81 2672
15 -31.35 0.81 0348

Table 4.10: CNN model FDA drugs trained on a V100 GPU

CPU (seconds)

GPU (seconds)

CNN

992s

1356s

XGBoost

1495s

160s

Table 4.11: Fastest training times for CNN and XGBoost on CPU and GPU (FDA

model)

73




4.4 Lessons Learned

Exploring a niche domain such as drug response modeling for cancer cell lines,
we show that using a neural network (CNN) does not yield the best results. Instead, we
show the impact of the tree-based XGBoost model over a CNN model, especially when
the datasets trained on are tabular and run on a GPU. Our results demonstrate that,
using the same dataset, an XBoost model is faster than a CNN model while running
on an NVIDIA GPU. An observable downside to using XGBoost is the larger memory
requirement for training, as documented in this work, and this varies depending on the
size of the dataset.

As part of this work, we have developed a software, UNNT, that allows users
to bring their own data and build models such as CNNs and XGBoost as well as
compare how the models perform on their dataset. Domain scientists prefer to have
such software utilities to streamline the process of using their proprietary datasets for
training, analyzing, and more streamlined. Doing this manually is possible but time
consuming and adds friction to the modeling work that domain scientists and other
practitioners need to do in order to make such analyses possible without UNNT. As
the related works show, it is possible to get general insights about what type of model
should be used, but the models must still be trained, tested, and compared. Thus,
UNNT makes a useful software for domain scientists to experiment with two unique

model architectures for tabular data.
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Chapter 5

SCALING ML SURROGATE MODELS FOR PLASMA PHYSICS
SIMULATIONS ON FRONTIER EXASCALE SYSTEM

As machine learning models improved along with the data available to train
them, GPUs became necessary to accelerate the matrix multiplication-based workloads
that general-purpose hardware like CPUs have difficulty performing efficiently.

As the size of the data sets grew and the machine learning models increased
in size and complexity, the matrix multiplication operations they perform needed to
be parallelized. This is an area where GPU architecture is more useful for performing
large-scale tasks in parallel. Modern GPU architectures include hardware components
such as Tensor cores designed and optimized for the data structures used to store
ML training data. Further advancements such as support for lower precision compute
operations are also designed specifically for the type of datasets used widely in ML
training workloads.

NVIDIA was at the forefront of the latest AI renaissance because NVIDIA
GPUs had a history of performing well in areas such as gaming and scientific comput-
ing. Eventually NVIDIA GPUs became the default mode of computation for training
and eventually inference of machine learning models. As the models evolved and be-
came larger, there was a need for an increasingly large number of NVIDIA GPUs. At
the same time NVIDIA not only improved the hardware capabilities, but also built a
rich ecosystem of software to make the GPU hardware and software more widely and
easily accessible to programmers. The Summit supercomputer at Oak Ridge National
Laboratory (ORNL) contained NVIDIA V100 GPUs. Although the system was estab-
lished mainly for scientific computing, the rise of machine learning workloads and their

increasing scale made systems like Summit more important.
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At the same time surrogate models became increasingly useful in reducing or
completely replacing computationally intensive tasks in scientific applications. A sur-
rogate model is a simplified approximation of more complex, higher-order models. Like
any model, they map input data to an output, but the relationship between the input
and output is computationally expensive to analyze and evaluate. This chapter of the
thesis focuses on the work done to scale a surrogate model that extracts insights from
large-scale plasma physics simulations. In the absence of this surrogate model, analysis
of the simulation data generated would be too time consuming to conduct. Specifi-
cally, scaling this model was necessary because the surrogate model is part of a large
workflow that extracts knowledge from large-scale simulation data, as it is produced,
streamed to an online learning ML model using continual learning. This workflow was

the first of its kind at the exascale level.

5.1 Challenges of creating a software stack for new hardware accelerators

The Department of Energy (DOE) for its next generation Exascale system de-
cided to move away from NVIDIA to AMD GPUs. Even though AMD made GPUs
for many years, mainly for gaming in the form of ATI’s GPU business, which they
acquired, GPUs for machine learning is a new domain. Most importantly, AMD did
not have the software ecosystem that machine learning developers, frameworks, and
existing code bases relied on in terms of CUDA and all the supporting software stack
NVIDIA built and maintained on top of CUDA. This presented a challenge for anyone
who needed to run machine learning workflows on the AMD MI250X GPUs in the
Frontier Exascale system at ORNL. Frontier is a top-1 system making it imperative
that machine learning workloads were supported and comparable in performance to
the current generation alternatives from NVIDIA.

AMD’s GPUs, even after Frontier went into production and was widely used
for scientific computing applications, lagged in terms of software support for popular
modern ML frameworks such as PyTorch and TensorFlow. There was a need to test

machine learning models on the latest AMD MI250X GPUs. This chapter details the
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work done and results of the efforts made to not only run ML models on AMD GPUs,

but also run them at scale.

5.2 Frontier exascale supercomputer

Frontier, one of the fastest supercomputers in the world, is equipped with 37,632
AMD GPUs and consists of over 9,408 nodes along with 9,408 AMD EPYC CPUs and
represents the computing power of 1 quintillion, or 1018 calculations per second. Sev-
eral real-world applications such as ExaSMR, EXAALT, PELE, PIConGPU, WarpX,
E3SM and CANDLE need abundance of memory and compute cores to speed up prob-
lems that might otherwise take months or years on a petascale system, or such com-
putations may not even be attainable on a non-exascale system. Not only in the HPC
space, but in the large-scale Generative Al space as well, training Large Language
Models with many parameters (in the range of billion to trillion parameter model)
would require exascale scale computing resources so that we can reap the full potential

of what Al can offer towards addressing complex scientific challenges.

5.3 Background

In preparation for the Frontier exascale supercomputer to be deployed into pro-
duction, OLCF (Oak Ridge Leadership Computing Facility) at ORNL selected eight
research projects to participate in a program called Frontier Center for Accelerated
Application Readiness (CAAR). The main application in this chapter is one of the
eight selected projects.

The reason testing and scaling high level ML frameworks such as PyTorch on
Frontier and AMD MI250X GPUs is necessary is due to the increasing use of ML
frameworks not only for highly compute intensive tasks like training foundation models
but also for ML applications in various domains where ML applications will be a part
of a broader application pipeline that includes HPC applications. In such instances, it

is imperative that both the HPC code and ML code run and scale as expected on the
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new hardware architecture of Frontier. The focus of the work presented in this chapter
is on the ML applications that run using the PyTorch framework.

Most ML applications train models using a technique known as ”offline” train-
ing where the training data is stored on the file systems of HPC systems until the
ML application training starts when it is moved into the memory hierarchy of a mod-
ern HPC system. There are various techniques employed by various model training
strategies where the data is loaded in batches, whereas for some types of models, like
XGBoost, all at once. Ultimately, the data moves from storage to memory and is then
removed from memory. The workflow described in this chapter involves a workflow
where such a setup is not feasible, making the online training methodology important
to implement. The following section describes the application and setup that requires

an online training methodology.

5.4 Particle-In-Cell on GPU (PIConGPU) as an application test case

Figure 5.1: The figure depicts a real-time vector field visualization test of PIConGPU.
Credit: Rene Widera, HZDR.

HPC simulations such as digital twins of earth produce extremely large quanti-
ties of data using the computational power of Exascale systems such as Frontier. The

use of pre-trained ML models for in situ inference is becoming an increasingly popular
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technique in such scientific applications where the analysis is done in place as the data
is generated.

PIConGPU [12, 13](Particle-In-Cell on GPU) is a plasma simulation code that
has been at the forefront of developing central technologies for GPU-accelerated plasma
simulations. It was the first plasma simulation code to run performant simulations
across various hardware architectures using a single code base, using the alpaka library
[96], frequently demonstrating excellent scaling and performance on the top ten high-

performance compute systems in the world over many years [53].
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Figure 5.2: The figure shows how streaming eliminates the need for data storage
on disk by streaming the data from the producer (simulation) to the
consumer (ML). Credit: Jeffrey Kelling, HZDR.
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Figure 5.3: A figure representing the real-time data reduction that’s necessary even
with streaming because the volume of data produced by the simulation
is so large. Credit: Jeffrey Kelling, HZDR.

Applications such as PIConGPU create situations where the stream of data
produced by the simulation is at such a large scale that data reduction demands in-
transit analysis. In such cases, even if the volume of data is reduced to the minimum
extent suitable for analysis, storage of such data for further offline analysis is technically
infeasible due to the physical constraints of the file system at hand. It also leads to
a mismatch in throughput between the memory hierarchies of modern HPC systems

necessitates solutions for online analysis of data generated at high rates and volumes
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making offline analysis impossible. This work focuses on such a use case with in-transit
training of machine learning models at extreme data rates where training the model

requires the majority of the data produced by the source.

Learn Con‘tinuo«“y
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Figure 5.4: A visualization of continuous learning method used by PIConGPU to
learn and extract insight in real-time from simulation data streaming
from the producer to the ML model. Credit: Sunita Chandrasekaran
and Richard Pausch, HZDR.

The model being trained itself is of such complexity that it can in principle
incorporate the complexity of the total volume of data produced by the source, while
at no time a total view of the data is available. Unlike most ML training techniques
that rely on iterative training, [34] which requires permanent storage of datasets as the
models learn over multiple epochs, online learning trains the model from streams of
data over time. This work uses continual learning because the data is produced and
discarded immediately after it is used for model training. By streaming data into an
ML framework, it becomes possible to learn a reduced representation of the data and
uncover correlations, providing a solution to the challenge of conducting exploratory
studies without predetermined analyses. The main challenge of this work is to integrate
particle-in-cell simulations via data streaming with an ML framework such as PyTorch.

The goal is to showcase a workflow that integrates a particle-in-cell simulation
of the Kelvin-Helmholtz instability (KHI) in PIConGPU [13], supported by openPMD
streaming [71], with a PyTorch [22]-based ML training code. This coupling aims to
uncover correlations between emitted radiation and particle dynamics within the sim-

ulation in an unsupervised manner. This study demonstrates, for the first time, an
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in-transit learning workflow at scale.

A key goal in many areas of plasma physics is to probe plasma dynamics at the
fundamental particle level at high spatial and temporal resolution, e. g. using powerful
radiation sources such as free electron lasers at X-ray wavelengths. In many situations,
such powerful probing diagnostics are not available. In these cases, the radiation
emitted from the plasma, especially in the case of electrons moving at relativistic
velocities, provides a complementary diagnostic because the motion and acceleration
of charged particles are directly linked to the radiation emitted by them. Collecting this
radiation in all its details would in principle allow for reconstructing the complete phase
space dynamics of the plasma at high spatial and temporal resolution without the need
of a probe. A complete phase-space reconstruction from detailed radiation spectra is
an ill-posed inverse problem. This work focuses on the well-known relativistic Kelvin-
Helmholtz instability (KHI) [13] to highlight the challenges in solving an extreme-scale
inverse problem via a complex HPC workflow coupling a GPU-accelerated plasma
simulation to a large-scale in situ neural network for in situ learning. Already in 2013
[13], it was shown that the computation of high quality, high resolution observational
data such as radiation spectra can only be performed in situ, as storing the ground
truth data, the phase space trajectory data of each particle in the simulation at each
time step, is impossible due to the aforementioned throughput hierarchy.

Training an ML model for this task requires connecting the phase-space data
to the radiation data in order to allow for inversion, but it was clear that these phase-
space data could not be stored, which is a major bottleneck. As an example, scaling to
a moderate 25% of the Frontier system, one would be faced with 1 PByte of data for
every time step. With total time steps per simulation of the order of a few 1,000 time
steps and time step durations of the order of 0.1 to 1s, we frequently observe data rates
of 1 to 10 PByte/s for particle trajectory data and theoretically require total volumes
on disk of the order of 10 EByte. It is clear that the only way to train a data-driven
model to reconstruct the phase space from the radiation is by streaming the particle

and radiation data from the simulation directly into the model for training.
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The following steps detail the complex in-memory workflow to reconstruct local

phase space dynamics from radiation.

Simulate a sufficiently large domain at high spatial and temporal resolution to
capture both the local plasma dynamics as well as the collective contributions of
different plasma regions to the total radiation spectrum.

Calculate in situ the radiation spectrum directly as the sum over contributions
from all radiating particles in the simulation at each time step, at high angular
and spectral resolution and bandwidth.

Collect for each time step the particle phase space data, positions, and momenta,
and the complex amplitude and phase for each wavelength and direction of the
radiation.

Prepare the data for an ML model by finding a suitable representation of spectral
and phase space data.

Stream that data for each time step to an ML model and asynchronously train
the model with that data.

Create new simulation data and train the model simultaneously with every time
step.

Stop the simulation after observing the complete physical process under investi-
gation.

The following steps detail the technical setup employed for the exascale data

streaming and continual learning.

Start a scalable, GPU-accelerated PIConGPU simulation of sufficient size and
resolution, utilizing a large subset of nodes on Frontier.

Schedule PyTorch and N/RCCL along with the PIConGPU simulation. (N/RCCL
- NVIDIA and ROCm collective communication library) Optimize scheduling for
data transport and locality, physical system size and resolution, simulation and
training time, total time of solution and use of resources.

Stream for each time step particle momenta and positions and spectral data to
a large-scale ML model.

Transform at each time step the phase-space and spectral data from its simulation
format to an optimum representation for the ML model.

Train the model with data from each time step.

Repeat the workflow for a sufficient number of time steps to cover all relevant
stages of the plasma instability simulation with respect to the dynamical evolu-
tion and the amount of training data needed.

82



5.4.1 Workflow setup
5.5 Scaling ML on AMD GPUs

The application workflow described in the previous section contains two dis-
tinct workflows that work in conjunction. The PIConGPU simulation and openPMD
streaming applications are HPC applications consisting of the first part. The ML
training code is the second part of the workflow. The focus of this section will be on
work that was eventually incorporated into the ML training and scaling aspect of the
workflow from the previous section.

The starting point for running PyTorch models on AMD GPUs is a proxy ap-
plication known as the "toy” model that was designed to run in offline training. The
code scaling_benchmark.py built a toy model using randomly generated data where
the model and the data were proxies of the actual model, which was still under devel-
opment at this point. The team was using systems with NVIDIA V100 GPUs to test
the model during its development. The only benchmark of the proxy code and data
running on an AMD GPU was work done on the testbed system Crusher. Crusher is
an OLCF system at ORNL that was supposed to replicate the hardware on the then
upcoming Frontier system and contained 192 nodes each with 4 AMD MI1250X GPUs.
And each MI250X contains 8 GCDs with the scaling_benchmark.py code validated on
1 GCD on Crusher. The following are the results of that work.

Coupling blocks (complexity) | V100 | A100 | MI250X (1 GCD)
70.29 | 38.65 | 209.25
70.06 | 38.67 | 217.76
69.95 | 38.66 | 209.57
139.45 | 75.25 | 372.74
139.38 | 75.26 | 366.06
139.18 | 75.25 | 369.84
208.89 | 111.93 | 522.86
208.44 | 111.88 | 513.73
208.53 | 111.94 | 513.94

S O O = RN NN

Table 5.1: Runtime of scaling_ benchmark.py across various GPUs in seconds (lower
is better)
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Coupling blocks (complexity) | V100 | A100 | MI250X (1 GCD)
7.11 12.93 | 2.38
7.13 12.92 | 2.29
7.14 12.93 | 2.38
3.58 6.64 1.34
3.58 6.64 1.36
3.59 6.64 1.35
2.39 4.46 0.95
2.39 4.46 0.97
2.39 4.46 0.97

Y O O = RN NN

Table 5.2: Million particles/s for scaling_benchmark.py across various GPUs (higher
is better)

Before I could begin working on this, I had to apply for system access which is
a longer process compared to getting access to systems previously mentioned such as
UDEL’s DARWIN or NERSC’s Perlmutter. System access requires an interview for
identity verification and an RSA 2-factor token.

After gaining access to the system, it was important to familiarize with the
system software, job submission, and set up a workflow that makes it seamless to access
the system on a daily basis. As mentioned in Chapter 2, switching systems creates a
small learning curve because the same task can require different steps on each of the
systems. In addition, unlike Perlmutter, Frontier and OLCF do not provide a Jupyter
environment-based interface to make it easier to access the system. The workaround
is to use VSCode’s Remote window feature to add Frontier as a host. This makes it
slightly more convenient to access, manipulate files, and write code on a remote system.

The first step was to replicate the conda environment from Crusher from the
previous experiment. In addition, there were a few changes made to the software setup
when switching from Crusher to Frontier. It is important to load ROCM software and
install a version of PyTorch with the ROCM version compatible with the rocm module
loaded on Frontier. Instead of amd/5.2.0 the new method for loading ROCM is module
load rocm/5.2.0. And then install rocm specific PyTorch using ”pip3 install torch —
no-cache-dir —index-url https://download.pytorch.org/whl/rocm5.2.0”. And this also

84



upgraded PyTorch to 2.0 specifically for more AMD hardware support included in the
2.0.
The baseline performance was established on Frontier, and the following table

shows the results.

Coupling blocks (complexity) | Runtime (s) | Particles/s
2 60.46 8.26
4 113.53 4.04
6 169.69 2.94
6 231.61 2.15

Table 5.3: Baseline training runtimes in seconds on Frontier (1 GCD)

5.5.1 Use of PyTorch DistributedDataParallel (DDP) for scaling

The results presented so far for runs on Crusher and Frontier have a caveat
because they are running on 1 Graphics Compute Die (GCD). Since each AMD MI1250X
GPU has 2 GCDs, it means the code is not utilizing a full GPU’s compute capabilities.
This is an idiosyncrasy specific to AMDs latest GPUs where to increase performance
of a single GPU dies from what would be two GPUs were combined into 1. From a
software perspective, each MI250X GPU is visible as 2 GPUs. The implication here
being that it requires distributed code to fully utilize a single GPU. So we have to write
distributed training code in order to test the full GPU’s capability and benchmark it.
Going forward, unless explicitly stated the use of GPU will refer to GCDs.

There are various techniques to make a machine learning model training code
run across multiple GPUs. TensorFlow and Keras have built in modules that allow
this feature, but there are also examples like the Horovod framework that works across
various popular ML frameworks such as TensorFlow, PyTorch, and MXNet. Similarly,
PyTorch also has its own built-in module called DistributedDataParallel (DDP) for

making model training multi-gpu and multi-node. Since PIConGPU’s existing code
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was written in PyTorch and because of more support for AMD accelerators and ROCM
software suite, PyTorch DDP was the choice to distribute model training.

After initially implementing PyTorch DDP in the scaling_benchmark code, we
decided to benchmark the software stack involved on Frontier using known DDP code
examples so that we can test it on NVIDIA systems to check if the issues we were seeing
were AMD GPU or system-specific. Some third-party benchmarking codes included
the following. The first one is an MNIST code example and various versions of this
code were used while experimenting including basic multi-gpu, multi-node, and a model
parallel example.

After some initial issues, the scaling_benchmark.py code worked on 8 GCDs (4

GPUs). The fix was to add some environment variables below.

export MIOPEN_USER_DB_PATH="/tmp/my-miopen-cache"

export MIOPEN_CUSTOM_CACHE_DIR=${MIOPEN_USER_DB_PATH}
rm -rf ${MIOPEN_USER_DB_PATH}

mkdir -p ${MIOPEN_USER_DB_PATH}

Figure 5.5: An example figure showing select environmental variables that were nec-
essary for running distributed training.

Both data parallel and model parallel solutions were tested and scaled up to
8 GPUs. Data parallel is a model training technique where a copy of the model is
distributed to each of the GPUs and each model copy gets a different batch of training
data. Once each model computes its gradients, all the instances of the model must do a
collective all-reduce communication to average the gradients. On the other hand, model
parallelism involves distributing a single instance of the model across GPUs (typically
in the same node). Often, model parallelism and data parallelism are combined for

training at scale.

5.5.2 cINN model with static data

In the next phase of experiments, we move on to code that uses an invertible

CNN model since it is close to the model architecture used to learn from the simulation

36



data being generated. The following is a result of the first experiment that compared

training times on MI1250X and A100 GPUs.

MI250X GCDs | Runtime (s) | A100 GPUs | Runtime (s)
1 0.94 - -

2 0.98 1 13

4 1.01 2 6.5

6 1.09 3 3.3

8 1.24 4 3.3

Table 5.4: cINN model training MI250X vs. A100

The following graph also shows a visualization of the data presented above.

MI 250X Training Time (minutes) and A100 Traning time
(minutes)

== M| 250X Training Time (minutes) == A100 Traning time (minutes)
15
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2 4 6 8

GPUs (GCDs for 250X)

Figure 5.6: Comparison of training time in minutes between AMD and NVIDIA
GPUs across various number of ranks.

Even though the MI250X GPU seems to be outperforming the A100 the training
times increase as more GPUs are allocated, making it likely that the code is failing to
properly train across all 8 GPUs (GCDs). To test this hypothesis, the code was profiled
and the resulting image below shows the code allocating memory and distributing data
to all 8 GCDs but only one 1 GCD does all the computation explaining the performance
results where allocating 1 GCD is the fastest.
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Figure 5.7: Image of a profile taken while training a model aross 8 GCDs in a single
node.

5.6 Scaling model training

Initially, it was unclear to us whether the technical difficulties we were fac-
ing could even be overcome. There were many communication issues we encountered
with PyTorch DDP and the underlying software and communication protocols used on
Frontier. One of the most common issues we encountered was the 'RendezvousCon-
nectionError’. It was difficult to trace the origin of that error. In other words, it was
hard to tell if that error was an issue with our code and how DDP was implemented in
it, or if the ROCm version of PyTorch was causing the issues, or if Frontier’s hardware
or interconnects were the problem.

For a very time even after we started working on scaling the models on Frontier,
it was not very clear if we were the first or only team to work on this on Frontier. There
was no documentation about the software setup and job submissions for distributed
ML training on Frontier. The first indication that there were teams working on similar
workflows came from a paper [23] discussing scaling LLM training on Frontier.

When faced with these challenges, it was important to use process of elimination
to figure out where the issues were originating. In order to do that, we needed another
system where we could replicate the same software setup. We obtained access to
AMD’s Accelerator cloud (AAC) which had the AMD MI210s, which although are

not an exact replica of the GPUs on Frontier, would suffice for benchmarking and
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for comparing software rather than performance. Replicating the workflow on AMD’s
AAC cloud system led to more work since the process to load software and submit jobs
is slightly different between every system, but it was still very useful to validate all the
experiments and tests we were running on Frontier and validate the issues encountered.
Although this helped us through some hurdles, not all challenges were resolved in this
process. The next step was to change the codes and try a code base that has been
validated on one of the two systems with AMD GPUs. AAC cloud has a guide on how
to run Megatron-DeepSpeed on their system, so once we replicated their steps our next
goal was to repeat this and adapt the steps and installation process to run on Frontier.
Successful completion of this process validated that Frontier can run such workflows in

a distributed methodology.

5.6.1 Challenges faced while scaling on Frontier

One big flaw we found on the Frontier system as we ran various codes, models,
and data training when experimenting was the delay that is caused when running
something in the compute nodes before training starts. This delay is caused by the
conda environment being copied and shared to the compute nodes. The solution, which
was recommended by OLCF staff, was to use 'conda pack’ to package a prebuilt conda
environment and export it to NVMe storage using sbcast and when running it use the
environment located on the NVMe. Even though sbcast introduces some overhead,
ultimately its much faster when running a conda environment at scale.

We eventually figured out the configuration settings to run ML training using
PyTorch DDP at scale as we went from single-node to multinode setup. There are
small DDP code changes necessary when going from single-node to multinode. This
process of scaling and creating a repeatable setup for distributed training on Frontier
was a long and arduous but was ultimately very useful to guide the PIConGPU team
when scaling the PyTorch-based ML training code. This part of a larger application

workflow scaled to 100 nodes on Frontier.
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A unique and important requirement of the presented workflow is the ability
to not only run but also scale on a large number of Frontier’s AMD MI250X GPUs.
Software libraries for machine learning on AMD GPUs are maturing as we speak. Our
machine learning model is small enough to fit in a single GCD; therefore, parallel
training of this model is done using data parallelism where copies of the model are
distributed across GCDs with each copy of the model receiving different chunks of
data to train on. Omnce each model computes its gradients, all the instances of the
model must do a collective all-reduce communication to average the gradients. We
expect the scaling of the workflow to critically depend on the optimization of this all-
to-all communication in PyTorch DDP, since communication within the PIConGPU
simulation is only between next neighbors.

Running PyTorch workflows on Frontier requires installing a specific version of
PyTorch in either an Anaconda environment or a python virtual environment with
a corresponding ROCm software module. Configuring the environment, including re-
solving dependency conflicts between software packages necessary for the custom fork
of ADIOS2 [33] and PyTorch with ROCm. PyTorch DDP uses the RCCL backend
for communication needed to perform distributed training across GPUs within and
between compute nodes.

We experienced a hard limit to scaling in our current setup: The all-to-all
communication between PyTorch DDP ranks using the RCCL backend hits system
limitations on the possible number of open sockets beyond 100 nodes. Potential options
to circumvent this limit include using a libfabric backend for N/RCCL or using PyTorch
DDP’s MPI backend. While the RCCL backend was able to support PyTorch up to the
scale used in this study, we can already conclude that further extensive evaluation of the
communication backends within PyTorch will become mandatory for stable software

foundation for our near future scaling studies on Frontier.

5.7 Main takeaways of PIConGPU in-transit ML
e The is the first work to demonstrate at scale that the coupling between simulation,
data streaming, and in-transit distributed ML can be used to extract scientific
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knowledge and perform analysis.

e This workflow was orchestrated on what was then the top-1 supercomputer (now
2nd) and overcame many challenges that came with porting this workflow to
evolving hardware accelerators. The path to go from 1 GCD to multi-node dis-
tributed ML training was challenging because of the software libraries required
to achieve this.

e The workflow relied on data reduction due to the scale of data produced by
the simulation and the ML model achieved partial reconstruction of the plasma
distribution, and the model was able to clearly classify the instability regions in
the plasma simulations.

5.8 Lessons Learned

The ML models using docking and MD simulations will require scaling up on
the Frontier exascale supercomputer, so the experience gained as a result of this work
is invaluable for this and other future works.

The initial case study that we focus on to scale ML workflows on Frontier is
a plasma physics code named PIConGPU with an HPC component that also scales
on Frontier. The coupling between simulation, data streaming, and distributed ML
training was the first time such an in-transit learning workflow was demonstrated at
scale. This work also proved the viability of running distributed ML training on AMD
GPUs such as the MI250X. It is important that Frontier, as a top-1 system with these
GPUs, can run ML workflows at scale as. The implication is that ML researchers and
practitioners now have more hardware architectures to reliably run ML workflows at
scale.

When we first set out to do this, it was highly unclear whether scaling ML models
beyond 1 GCD (1/2 GPU) on AMD MI250X would even be technically feasible. The
path to go from single GCD to distributed multi-node training was not clear because
the software libraries and system environment and support necessary to make this
happen were not documented anywhere.

The process involved crafting the combination of libraries that would make it a

reliable and repeatable process to install the dependencies. OLCF as an organization
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was pivotal for us to pull this off. Much of the documentation that is now available on
how to run such workflows on Frontier was nonexistent when we worked on this just
a few months ago. The only information that was available came as blog posts from
AMD stating that it was now possible to run such workflows on AMD’s MI1250X and
similar GPUs. We were left to figure out everything else.

If this was an NVIDIA powered system with the latest GPUs, such as the H100s
or the next-generation Blackwell architecture, the process would have been much more
seamless with many previous examples and familiar errors when fixing problems that
would come up. Due to the influence of NVIDIA’s software stack on AMD’s ROCm
software, it was often challenging to diagnose certain errors that were occurring. The
lack of proper software and documentation certainly played a huge role in making this
a more difficult process than it needed to be.

To have a landscape of interchangeable hardware that work across standard ML
libraries, it is important for hardware accelerators to provide the software abstractions

and translation layers for portability.
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Chapter 6

IMPROVING SURROGATE MODELS IN DRUG DISCOVERY

This chapter focuses on protein-ligand binding and pose estimation in drug
discovery problems and is a progression of the work described in Chapters 2 & 3. The
workflows described in the earlier work solve problems using SMILES strings which are
processed to create 2D representations that are analyzed form the drug descriptors.
Several types of such representations exist including MORDRED, which we used in
previous work, MOE descriptors, and others. The limitation of such descriptors is
that most of these descriptors fail to account for the three-dimensional geometry and
interaction potential of the molecules. The main reason why many descriptors don’t
go beyond the analysis of the 2D molecular description to represent the descriptors has
to do with the fact that there are many 3D configurations for many molecules for any

given 2D molecular description.

6.1 Background of IMPECCABLE

To explain the contributions made in this chapter of the thesis, it is necessary
to explain how the contributions made fit and contribute to a larger effort with greater
prominence in terms of the goals and contributions its pushing towards. The work
and contributions described in this chapter directly impact and improve a surrogate
model that aims to reduce computationally intensive molecular dynamics simulations
in a larger drug discovery pipeline. In addition, the work described in the previous
chapter, focusing on scaling ML workflows on Frontier, and the insights gained there

greatly helped expedite and achieve some of the goals of this work.
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Figure 6.1: Figure adapted from IMPECCABLE [79] to visualize the description
provided in text

6.1.1 IMPECCABLE: Al-enabled drug discovery campaign

The drug discovery process typically used in the pharmaceutical industry is a
time-consuming and expensive process with development times that can stretch as far
as a decade. In chapters 2 & 3 we explored some in silico methodologies that have
the potential to improve the drug discovery process, and existing methodologies can
be further improved to better select lead compounds that proceed to later stages of
the drug discovery process, making the whole process more efficient and faster.

Molecular dynamics (MD) plays an important role in the study of biological
systems and functions. Increasing computational power and resources available due to
software/hardware improvements makes performing MD simulations at a large scale
now feasible. The sizes of the systems and timescales of the processes being studied
using MD are increasing day by day, and so is the importance of MD in this domain.
One of the prominent categories of MD-based methods, most relevant for protein-
ligand complexes, is free energy prediction approaches. Given the importance of MD
simulations in scientific research, it is important to ensure that the predictions based
on them are reliable and reproducible.

Methods such as ESMACS[90] and TIES[8] employ ensemble simulations in
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order to capture the uncertainty associated with variations in starting conditions of
MD simulations leading to accurate, precise and reproducible binding affinities. Given
this sensitivity in MD, the binding pose of a ligand molecule within the binding pocket
of its target protein plays an important role in the accurate prediction of its binding
affinity - the key quantity of interest in early-stage drug discovery used for filtering
out potential drug candidates. Therefore, incorrect binding pose could lead to false
negatives or false positives excluding ideal molecules during the initial stages of the
drug discovery process. This makes it quite important to ensure that the best ligand
binding pose is known before performing simulations on the protein-ligand models
under consideration.

IMPECCABLE(79] lists three measures of performance to evaluate the method-
ologies to overcome the fundamental limitation that no single approach achieves the
required efficiency. The performance measures include (i) throughput or the number
of ligands per unit of time; (ii) number of effective ligands sampled per unit of time;
(iii) peak performance in flop/s.

IMPECCABLE brings together multiple algorithms into a single unified pipeline
allowing upstream and downstream feedback to overcome the fundamental limitations
of classical in silico drug design. According to this work[79], most ML/AI solutions
have focused efforts on building effective means to analyze large volumes of data gen-
erated through either ligand docking simulations — for the filtering favorable vs. unfa-
vorable ligand binding poses for a protein — or molecular dynamics (MD) simulations
of select protein-ligand complexes[79].

In protein-ligand binding, the ligand is usually a molecule that produces a signal
by binding to a site on a target protein. Docking programs are generally good at
pose predictions but less effective in predicting binding free energy of protein-ligand
complexes. On the other hand, MD simulations are effective at predicting binding-
free energies, their intrinsic limitations in sampling protein-ligand complex formation
processes imply that the approach may be computationally infeasible to translate on

large compound libraries.
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IMPECCABLE, depicted in Fig. 6.1, consists of an ML prediction stage (ML1)
followed by three stages of data processing. S1 is high-throughput docking. S2 is
Latent space representation and steered advanced sampling. S3 is the coarse-grained
binding affinity. IMPECCABLE'’s focus is on the use of ML methods combined with
physics-based computational methods to estimate docking poses of compounds that are
promising leads for a given protein target (S1) and binding free-energy computations
(S3). The limitations of S1 and S3 are overcome by predicting the likelihood of binding
between small molecules and a protein target (ML1), and accelerating the sampling of
landscapes to bound the binding free-energy values for a given protein-ligand complex
(S2).

ML models for docking score prediction (ML1) consist of scoring functions used
to score poses in order to determine the most likely pose of the molecule, the magnitude
of which is used to provide an indication of active versus inactive ligands, and to rank
order sets of libraries. IMPECCABLE creates an ML surrogate model to replace
the use of docking as a means of locating regions of chemical space likely to include
strong-binding drug leads. Molecular information, in the form of 2D SMILES string,
represented as 2D image depictions are used as featurization method.

In high-throughput docking (S1), the protein-ligand docking consists of a com-
putational pipeline of ligand 3D structure enumeration, docking and scoring, and final
pose scoring where the input is a protein structure with a designed binding region and
a database of molecules in SMILES format to dock in.

In ML driven molecular dynamics (S2), the learning approaches learn lower-
level features from the input data and aggregate them such that they can be used in a
variety of supervised, semi-supervised, and unsupervised ML tasks. The learning ap-
proaches consist of variational autoencoders to automatically reduce high dimensional-
ity of MD trajectories and cluster conformations into a small number of conformational
states that share similar structure. This process is used to quantify statistical insights

into the time-dependent structural changes a biomolecule undergoes in simulations,
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identify events that characterize large-scale changes at multiple time scales, build low-
dimensional representations of the data, and infer substates from these representations.

Binding free-energy calculations (S3) is a step where promising lead compounds
are identified from initial hit generated at preceding stages. Initial hits are evaluated
and potentially good compounds optimized to achieve nanomolar affinities. The change
in free energy between free and bound states of protein and ligand, also known as bind-
ing affinity, is a measure of binding potency of a molecule making it a good parameter
for evaluating and optimizing hits.

The implication of this work is that by combining ML approaches with physics-
based models such as docking and molecular dynamics simulations, a three-order of
magnitude improvement is achieved in improving the size of compound libraries that
can screen with traditional approaches while simultaneously providing access to binding
free energy calculations that can impose better confidence intervals in the ligands

selected for further optimization.

6.1.2 Ligand Pose Optimizer Model (LPOM)

The latest iteration of the IMPECCABLE framework improves the original by
using generative Al, ML-based docking surrogate models, and ligand pose optimization
model to enhance binding affinity predictions, streamlining the identification of high-
affinity compounds for drug discovery. In this framework, the model we construct and
enhance is used to evaluate the quality of given docking poses as starting points for
further MD simulations. The Ligand Pose Optimizer Model (LPOM) is the machine
learning model trained to predict the MM-PBSA energy of the relaxed state for each
individual docking pose used in the training space.

The LPOM is used to predict the relaxed Molecular Mechanics Poisson-Boltzmann
Surface Area (MM-PBSA)[84] of docking poses that are generated for each ligand. The
candidate poses of each ligand are then ranked based on the predicted MM-PBSA value,
allowing for the selection of a high probability subset of novel poses used as starting

points for relaxation through refined MD simulations. This provides an efficient and
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effective method to reduce the number of MD simulations to be run for a given ligand,
substantially diminishing the aggregate number of simulations required for the overall
workflow.

The LPOM consists of features such as a novel set of descriptors that incorporate
information about the protein-ligand interaction, creating a protein-ligand atom-pair
interaction profile. These features capture the interaction space between each protein
and ligand atom pair through interatomic spacing since it affects the stability and final
energy of the pose.

Although molecular docking is faster and more efficient, results are not as ac-
curate or as reliable as MD simulations, frequently yielding poses with close contacts
between interacting atoms in the protein-ligand complex, resulting in large forces and
overall pose instability. Consequently, the standard approach of simply training to
predict the interaction energies of the docking poses, as commonly used [46, 51, 28|,
will not be suitable for the LPOM approach. To resolve this for training the LPOM,
IMPECCABLE runs relaxation on the training poses to allow each pose to further
optimize within the protein pocket. This results in a more realistic pose and the cor-
responding energy, from which we subsequently compute the MM-PBSA energy as a
measure of the binding-free energy.

The relaxed pose energies, together with the interaction descriptors, were sub-
sequently used as training data for the LPOM to predict the relaxed protein-ligand
pose energy. LPOM is the machine learning model trained to predict the MM-PBSA
energy of the relaxed state for each individual docking pose used in the training space.
The ATOM Machine Learning Pipeline (AMPL) [55], an end-to-end machine learning
pipeline used for molecular property prediction, is used to create the LPOM used in
the IMPECCABLE workflow.

The next sections detail the various descriptors that are used as features to train
LPOM. Descriptors are methods to characterize molecular features and can encode

information about structures or fingerprints and chemical properties.

98



6.1.3 Simplified Lennard-Jones Potential Descriptors

Our initial descriptors were a subset of descriptors from the TinyIFD[39]. In
order to keep computational overhead minimal, contact-based descriptors were used
with a simplified version of the Lennard-Jones potential. We considered each contact
between the protein atoms H, C, N, O, S and the ligand atoms H, C, N, O, S, halogen
atoms totaling to 30 descriptors. For each type of protein-ligand element pair, we
extracted the distance between each set of protein and ligand atoms. The descriptor

for that atom pair is then computed by summing over a distance-based function:

ligand protein

C(Ev,Ea)= > > fld) (6.1)
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Where C'is the contact score for the pair of elements E; and F,. j is the ligand
atoms of type £}, k is the protein atoms of type Es, and d,y, is is the distance between
7 and k.

The descriptor set is then a vector v where each entry v;; corresponds to the
contact score C(E!, Fj) and Ei and EJ are elements from protein and ligand atoms

respectively.

6.1.4 Geometric Descriptors

With the realization that significant information about the protein-ligand inter-
action was lost in the summation process for each protein-ligand element pair type, a
new expanded descriptor was defined to preserve details about the interaction. Simi-
larly to the simplified Lennard-Jones potential descriptors, we considered each contact
between the protein atoms H, C, N, O, S and the ligand atoms H, C, N, O, S. How-
ever, instead of performing a summation involving each contribution, a histogram was
created for each element pair type to provide a distance profile in lieu of a total sum.
Using a range from zero Ato 12 A, 24 intervals (buckets) of 0.5 Awere defined. The dis-

tance was subsequently computed for each protein-ligand interacting atom pair. With
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the corresponding bucket being incremented, a protein-ligand interaction profile was
created for each pose. For distances greater that 12 A, the contribution was ignored.
The resulting size of the protein-ligand interaction space increased to 600 features with
25 total combinations of elements and 24 buckets per combination.

This differs from the simplified Lennard-Jones potential descriptor approach in
that information about the interactions for all magnitudes is preserved for each protein-
ligand interacting atom pair. The simplified Lennard-Jones potential descriptors, using
a sum over all of the atom pairs, can become dominated by atom pairs in close proximity
to one another. In addition, the summation approach does not provide differentiation
on the magnitude of each contribution to the sum. This expanded protein-ligand
interaction descriptor provides the model key information regarding the distribution of

the atom pairs on a more detailed level.

6.1.5 Molecular Descriptors

Both descriptors above, simplified Lennard-Jones potential and geometric de-
scriptors, are classified as structure-based descriptors that encode knowledge about
the structure of the target. On the other hand, molecular descriptors generated with
ECFP (Extended Connectivity Fingerprints), RDKit, MOE(Molecular Operating En-
vironment), and Mordred are ligand-based descriptors that encode chemical properties
and fingerprints.

Molecular descriptors are defined as ”final result of a logical and mathematical
procedure, which transforms chemical information encoded within a symbolic repre-
sentation of a molecule into a useful number or the result of some standardized experi-
ment” by Todeschini et al. [86]. These types of descriptors aim to provide information
about a given molecule with varying complexity ranging from molecular weight to
quantum mechanical properties. These descriptors are often applied in quantitative
structure-activity relationship (QSAR) models as they have been found to be effec-
tive in predictive models. Different molecular descriptor sets tend to cover different

attributes of molecules.
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The limitation of molecular descriptors is that they describe only the ligand
itself based on the associated input SMILES string. These descriptors do not take into
account the protein, the relative orientation of the ligand, and the interaction space of
the pose itself. In the context of the IMPECCABLE framework, we are interested in
selecting the best poses for each ligand when interacting with a given protein. Although
molecular descriptors can inform the expected performance of a specific ligand for a
given or average orientation in the pocket of a protein, they do not provide information

on the relative quality across multiple poses.

6.1.6 Description of training data

This section describes the source of the data and the preprocessing steps per-
formed using various parts of the IMPECCABLE pipeline before it was used to train
LPOM. In this study, 3C-like protease (3CLpro) of SARS-CoV-2 was used. The ini-
tial model for the training dataset is based on 10,000 compounds identified through a
surrogate docking model[6, 19]. The compounds were first processed with FixpKa[65]
2.1.3.0 to obtain the correct protonation states at pH 7.4. Subsequently, up to 200 con-
formers per compound were generated using OMEGA[38] 4.1.2.0. The prepared struc-
tural library of the compounds was then docked to the protein (PDB ID: 6W63) using
FRED[50] 4.1.1.0. From these, the top 100 docking poses with the best Chemgauss4[50]
docking scores were selected, and each protein-compound complex was minimised for
200 steps with NAMDI70] package using a sophisticated conjugate gradient and line
search algorithm. Finally, the binding free energy for each minimised structure was cal-
culated using the MM-PBSA (molecular mechanics Poisson-Boltzmann surface area)
approach using AmberTools[14].

The compounds for the separate validation dataset were selected from a previous
study, where a generative active learning (GAL) approach was employed to produce
high-quality small molecules[48]. This approach combined REINVENT[47], a gener-
ative Al, with ESMACS[90], a physics-based method for accurate ranking of binding

free energies. In addition, these binding free energies were used iteratively to refine
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the compounds generated by REINVENT. To validate the current LPOM model, ap-
proximately 3,000 compounds were chosen from the first three GAL iterations, each

iteration generating a batch of 1,000 compounds.

6.2 Improving Ligand Pose Optimization Model

Given the novelty of predicting the MM-PBSA energies for relazed protein-
ligand interaction geometries from an initial state pose, a traditional comparison to
state-of-the-art prediction approaches for relaxed protein-ligand interaction geometries
was not possible. The primary goal of this effort was to create the best performing
model while minimizing computational time, thus the Ligand Pose Optimizer Model
(LPOM) development progressed in phases. The first phase focused on maximizing
performance using a minimal descriptor protein-ligand interaction descriptor with min-
imum computing requirements to differentiate among poses. The next phase focused
on incorporating additional information about protein-ligand interaction to further dif-
ferentiate among poses. The combination of these two phases and the descriptors that
are generated to train the model will be called Molecular Pose (MP) descriptors in the
remainder of the manuscript. The baseline results for the LPOM training with these
descriptors are in Table 6.1

And finally, the third phase consisted of combining the descriptors in the pre-
vious phases with molecular descriptors to enhance the information available to the
model to learn and better predict the best poses. Some of the molecular feature gen-
erators that compute these features using the molecular descriptors in the form of
SMILES strings include Mordred and RDKit. Any result from LPOM training with
molecular descriptors as features will include the name of the generator used. This
includes baseline results for LPOM trained using only the molecular descriptors. Al-
though the limitations of this technique were discussed previously, it is important to

measure the standalone performance of these features.
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Results from Model Training (R?) - MP Only
Metric MP
Train 0.65
Valid 0.63
Test 0.64

Table 6.1: Ligand pose optimizer model training results using Molecular pose de-
scriptors only.

6.2.1 Hyperparameter optimization (HPO) and its implications

Initially, our goal was to improve the performance of the Ligand pose estimation
model (LPOM) using the coefficient of determination (R?) as a metric. The primary
area of interest was the use of hyperparameter optimization (HPO) to find the set
of hyperparameters for LPOM. Why was HPO identified as an area to explore as a
potential avenue to improve the existing model? Previously, the work involving the
creation of the model in the first two phases described above led to the following
results in Table 6.1. The hyperparameters were mostly set using heuristics rather than
employing any form of search. This meant that there was a possibility that the most
optimal hyperparameters were not set; therefore, HPO could lead to an improvement
in model performance.

The hyperparameter optimization work performed is on the combination of
model and hyperparameters that produces acceptable results, but its unclear whether
LPOM had the best set or if another set of hyperparameters will improve its R? score.
HPO during training will help evaluate if the best hyperparameters were chosen or find
a new set of parameters that improve model performance.

The first example of a hyperparameter that we found where the default was not
the best option in terms of training the model is batch size. We found that as batch
size increased, the time it took to train the model decreased. Fig. 6.2 shows that
the reduction in training time plateaus around the batch size of 1000. In addition,
increasing the batch size from the default value used in AMPL[55] to 1000 only led
to a slight drop in error as the data splits. This can be seen in Fig. 6.3. Therefore,
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changing the default batch size to 1000 brought benefits in terms of reduced training

times with minimal reduction in the model’s R?.
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Figure 6.3: Figure shows that as batch size increases R? decreases

The next set of hyperparameters that we tested are weight decay and weight
decay penalty. These are regularization techniques that make a model simpler. The
goal of making a model simpler is to help it generalize better to test data. These two

parameters were initially tested during a hackathon by a team I mentored. They used
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AMPL’s baseline neural network model with the default dataset provided by AMPL
and found that the two hyperparameters did not provide major benefits or drawbacks.
We performed some tests using LPOM and our training data and also concluded that
weight decay and weight decay penalty parameters do not seem to have any noticeable
effect on LPOMs test R2.

Revisiting the established goal to increase the LPOM’s R2?, we wanted to test
the effect parameters such as the number of hidden layers, layer sizes, and dropout.
Fig. 6.2 shows a table showing various combinations of layers, layer sizes, and dropout
values and their effect on test R?. The results show that increasing the layer sizes and
adjusting the number of layers by adding an extra layer had a negative impact on the

results.

R? Layer Sizes | Dropouts
0.5696 | [200, 100] [
0.5657 | [100, 50] [

0.5645 | [50, 25] (0.4, 0.4
[
[

0.5551 |  [200, 50]
0.5399 |  [200, 50]
0.5357 | [200, 100] 0.6, 0.6]

0.5398 | [200, 100, 50] | [0.5, 0.5, 0.5]
0.5085 | [400, 200, 100] | [0.5, 0.5, 0.5]

Table 6.2: Effect of layer sizes and dropouts on test R?

Implications of HPO: Overall, the results of HPO were mixed. We initially
discovered that batch size would make training faster without a trade-off in model
performance. But the remaining HPO results either yielded results close to the original

parameters or made the model perform worse.

6.2.2 Combining geometric and molecular descriptors

Since the Ligand Pose Optimization model’s performance did not improve with
HPO we needed to find other alternatives. The results of the HPO, Fig. 6.2, showed

that the number of features of the model was unlikely to be the constraint in terms of
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performance. That meant that adding more features could potentially benefit LPOM.
Therefore, the next phase of the study explored the effects of combining molecular
descriptors with existing geometric descriptors on the performance of the model.

Firstly, we needed to establish a baseline for the molecular descriptors we plan to
add. To do this, we replaced the geometric features, such as Simplified Lennard-Jones
Potential descriptors and geometric descriptors, with molecular descriptor features.
The first two columns of Table 6.3 show the results of using only the descriptors
generated through Mordred and RDKit. We compare those results with the original
model results found in the MP column of Table 6.3. This process was more challenging
than initially anticipated because of the way AMPL handles molecular descriptors. It
required a multistep process to generate the molecular descriptors and then retrain
LPOM with the descriptor file saved in the previous step.

Then we combine the geometric features of the original training data with the
molecular features and the results are found in the columns MP + Mordred and MP
+ RDK:it in Table 6.3. The results showed that the combination of geometric
and molecular features produced the best performing model when evaluated
using the coefficient of determination or R2.

Although we use R? to evaluate the performance of the model in this study, the
coefficient of determination is not the best way to measure the impact this model has
on the IMPECCABLE framework. With a perfect model, where R? = 1.0, we would
only need to suggest one pose for each of the n ligands. However, in the real world, we
can realistically only recommend some number (m) of poses that ideally contain the
best pose for each of the n ligands. With this in mind, we can reframe our model as a
classification model.

The primary objective of the LPOM is to minimize the number of
m poses that must be recommended, based on the predicted MM-PBSA
values for each ligand, to recommend at least one of the top p poses based
on the true MMPBSA values. This makes LPOM a surrogate model for

molecular dynamics (MD) simulations that are typically performed through
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Results from Model Training (R?)
. MP + | MP
Mordred RDKit MP Mordred RDKit
Train 0.49 0.47 0.65 0.77 0.77
Valid 0.48 0.47 0.63 0.75 0.73
Test 0.48 0.48 0.64 0.75 0.75

Table 6.3: Ligand pose optimizer model training results based on descriptor set used.
MP: Molecular Pose descriptors (Simplified Lennard-Jones + geometrics
descriptors)

IMPECCABLE on each of the poses in the ligand-protein binding pocket.
Although LPOM does not completely eliminate the need for MD simula-
tions, it greatly reduces the number of poses that MD simulations must run

on to confirm the best pose for each ligand-protein complex.

6.2.3 Testing separate validation compounds

In order to test the robustness of the LPOM, we wanted to test how the model
trained on 3CLpro, the data used thus far, performs on a new set of chemical com-
pounds. The IMPECCABLE team generated approximately 3,000 compounds in three
different batches. The results of the validation on these new compounds with models
trained on 3CLpro data are shown in Table 6.4. The most likely cause of this decrease
in performance when testing on new compounds is due to a chemical shift between the
3CLpro data and the new compounds. This means the validation data is not the ideal
set to test the robustness of LPOM. So for now the best validation of this model comes

from the test split created during model training.

6.2.4 Data reduction

Another aspect of this study includes performing experiments to test the mini-
mum amount of data required in order for the model to still perform well. Successfully
reducing training data size will have not only computational benefits, but also the

ability to integrate new data sources to perform weak scaling.
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Validation on new compounds
R2

Mordred 0.48
RDKit 0.48

MP 0.48

MP +

Mordred 0.48

MP +

RDKit 0.48

Table 6.4: Validation results show that the model’s performance was much lower than
on the validation split of the training data

Table 6.5: Train, Validation, and Test R? values for different data splits. Data split
percent indicates % for Valid and Test

Data Split (%) | Train | Valid | Test
15 0.65 0.63 | 0.63

20 0.65 0.61 | 0.61

30 0.64 0.60 | 0.60

40 0.62 0.57 | 0.57

45 0.61 0.54 | 0.54

47 0.58 0.52 | 0.52

49 0.57 0.47 | 048

49.5 0.55 0.46 | 0.46

Data reduction was performed by increasing iteratively the percentage of data
used for validation and testing. The percentages for both validation and testing re-
mained the same for consistency. For example, setting aside 15% for validation and
15% for testing means that the remaining 70% is used to train the model. The first
column of Table 6.5 shows the percentage values assigned for the validation and test
sets.

As larger percentages of data were allocated for validation and test sets, we
expected R? to decrease. However, it was unclear to what extent the impact of reducing
the percentage of data decreased. Since we start with a fixed-sized dataset, the percent
of data is a proxy for the total amount of data allocated to train, test, and validation

sets. Therefore, iteratively reducing the size of the training dataset, by adjusting the
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Data Split vs. R? Values
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Figure 6.4: Plot of results showing the effect of reducing training data size on R? of
Train, Validation, and Test

validation and test percentages, should indicate the effect that reducing the training
data would have on the model performance.

Fig. 6.4 and Table 6.5 show the results of iteratively reducing the training data
for LPOM by increasing the percentage of data allocated to both validation and test
sets. Although R? was expected to decrease as data allocated to training is reduced, the
model performance held up remarkably well even as most of the data was reallocated
from training to validation and test splits. An interesting trend depicted in Fig. 6.4 is
that even though R? is declining for training, test, and validation sets, the decrease in
performance of the validation and test sets accelerates as more data is allocated away
from training set. Even with that decrease in performance, the model seems to hold
up well even as the percentage of training data is reduced to less than 10% of the total
available data. The training set was reduced to 1% of the total available while 99%
was allocated to the validation and testing sets and the result shows how quickly the

model reaches a baseline as its performance increases with increasing training data.
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6.2.5 A discussion on parallel HPO scaling

Initially, we expected parallel hyperparameter optimization to drive the im-
provements to the LPOM. We expected each of the various hyperparameters to have
a greater impact on the model performance and its variability depending on the pa-
rameters values. Since we expected to have a large combination of hyperparameters
it seemed important to perform hyperparameter optimization using parallel methods.
This includes work done to train the same model on multiple GPUs concurrently, each
with a different set of hyperparameters. Although we were able to establish the ability
to perform parallel HPO, the original goal became much less impactful when the HPO
results did not produce the ideal outcomes in terms of model performance.

Even though it is possible to run every possible combination of the possible
hyperameters optimization, we must take a more measure approach before allocate
compute resources at the Exascale level. When an individual hyperparameter does
not have any affect on the model across a wide range of values it does not make
sense to test combinations of those hyperparameters with combinations of every other
hyperparameter. The scale of the problem grows exponentially and is very compu-
tationally intensive. The main flaw of this approach is that this method can waste
critical compute resources even when running on systems such as the Frontier Exascale
supercomputer|[64].

When pursued a more measured approach with HPO where we found some
parameters like batch size that optimized our training without sacrificing model per-
formance. We also had some hyperparameters such as weight decay and weight decay
penalty which had negligible impact on the model’s ability to generalize. On the other
hand we also saw hyperparameters and combinations of hyperparameters such as the
number of layers, layer sizes, and dropout that negatively impacted our results. The
suboptimal outcomes from this experiment were still fruitful because this showed that
the model’s features were probably not the limiting factor for its performance. We
tried to increase the capacity of the model through this experiment to see if the num-

ber of features exceeded the capacity of the model. When we got the opposite result, it
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informed us that there could be room for improvement in model performance by find-
ing additional features the model can rely on for greater predictive capabilities. This
directly led to the next experiment, in which we supplemented the existing geometric
features with molecular features, which ultimately led to the improved performance of
LPOM. Subsequently, the focus of the study on improving model performance shifted
more towards features comprising the model than toward HPO search and optimiza-
tion.

Therefore HPO still benefited this study not directly but more by informing us

about the directions we needed to pursue to improve the model.

6.3 Lessons Learned

Surrogate models are increasingly becoming important and central in many sci-
entific applications such as PIConGPU and IMPECCABLE. In many cases, surrogate
models replace expensive, time-consuming, and computationally expensive simulations.
The previous chapter discussed the importance of scaling surrogate models to extract
insights from plasma-physics simulations by reducing the costly analyses that must be
done on the data produced by such simulations.

In this chapter, we focus on another surrogate model in a different domain. In
this case study, the surrogate model is used to reduce the need for computationally
expensive MD simulations in a drug discovery framework. This is aimed at improving
traditional drug discovery pipelines that are costly and time-consuming. The main
contribution of this chapter is to improve the predictive performance of the Ligand
Pose Optimization model. As explained in the beginning of this chapter, the model
contributes to the IMPECCABLE drug discovery framework by reducing the expensive
MD simulations that would normally be required for each of the poses in the ligand-
protein complexes from molecular docking simulations to better select lead compounds

for later stages of drug discovery.
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Chapter 7
CONCLUSION

The landscape of ML applications, problems, model sizes (capacity), software,
and hardware accelerators has evolved over the last few years. Much of that progress
occurred simultaneously with the research discussed in this thesis. Some questions
that were posed at the beginning of this thesis remain. That has more to do with the
nature of hardware and software co-design than anything else. As hardware evolves,
the software necessary to run ML workflows tries to catch up. This was the case when
I started my Ph.D. and will remain that way for the foreseeable future. Thus, some
of the questions posed at the beginning of this thesis will remain because they are less
questions to be answered or problems to be solved and are more guidelines to help focus
our attention on an ongoing race between hardware and software. Where portability
is the goal of reducing the distance between hardware and software evolution; ideally
by not slowing down hardware advancements.

As stated in the introduction, this thesis focuses on designing and
building scalable and portable machine learning-based frameworks to new
hardware architectures with a focus on cancer drug discovery and plasma

physics simulations as case studies.

7.1 Research Outcomes and Key Takeaways
At the beginning of this thesis, some research questions were posed to formulate
the motivation and bring to light some of the research gaps that this work addresses.
We revisit these research questions to highlight the contributions made in this thesis.
1) How do we apply model enhancements and performance optimiza-

tions to design drug discovery pipelines for shorter development timelines?
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When it comes to the drug response problems that are benchmarked in CAN-
DLE Pilot 1, enhancements for those drug response models came in the form of estab-
lishing tree-based models as an improvement over CNNs. This was after extensive work
done looking into how cell line-based models translate to tissue data sets. This goal
seemed unviable after establishing the lack of truth data in the form of drug response
data for tissue cells. In addition, the development of scaling ML workflows on systems
like Frontier will be the basis of increasing drug discovery model throughput making
them more capable.

In addition, the improvements made to the Ligand Pose Optimization model
(LPOM) will increase the throughput of the promising lead compounds filtered to
advance them to later stages of drug discovery process. This model will be integrated
into the larger IMPECCABLE 2.0 workflow to enable this advancement. The use of
ML techniques in drug discovery process is relatively new and the regulatory framework
is still in the process of catching up to the use these computational techniques. The
guidance to support the use of Al and ML techniques to evaluate and improve the
decision making process for drugs is in its early stages[32]. In the future, models
such as LPOM and regulatory frameworks[32] could shape each other as some of the
techniques become standardized and encoded in the guidance while the guidance sets
the safety parameters and boundaries for the models to maintain.

2) How do other ML model architectures such as tree-based models
compare to CNINs?

The research established in this thesis shows that, for classes of problems that
rely on structured datasets, tree-based models often outperform neural networks like
CNNs. The thesis presents two datasets, CCLE and NCI60, where this conclusion
holds for drug response problems. The thesis also includes model performance metrics
that show that XGBoost not only outperforms in terms of accuracy but also trains
faster on GPUs. The conclusion being if both models perform similarly in terms of
accuracy it makes sense to go with XGBoost for the hardware acceleration they enjoy

over CNNs when the training data is held constant.
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3) How do we improve the accessibility of these models for domain
experts giving them the ability to analyze and compare multiple types of
models simultaneously?

Domain scientists prefer to have such software utilities to make the process of
using their proprietary datasets for training, analyzing and more streamlined. Doing
this manually is possible but time consuming and adds friction to the modeling work
domain scientists and other practioners need to do in order to make such analyses
possible without UNNT. To make it easier for other researchers to conduct studies and
answer questions similar to those answered by the previous question a novel utility
is designed and created to train, compare, and analyze two model architectures. By
doing this, the process of testing similar hypotheses for model performance will be
much more seamless.

The key takeaway is that a software is necessary as a starting point when prac-
titioners have domain data that is structured and want to extract insights in the data.
UNNT is an effort to streamline this process to perform initial tests to test which type
of model is most suitable for the datasets users have. This will inform the user about
which direction to take depending on the results seen with UNNT.

4) How well do ML models scale on new hardware architectures such
as AMD GPUs? And what challenges will this bring?

The PIConGPU case study is used for designing and developing processes to
scale ML, models on new hardware architectures such as Frontier. As far as we knew
a the time of this work, we were some of the first to try this on not only Frontier
but also on AMD GPUs in general. The PIConGPU’s ML training scaled up to 400
AMD MI250X GPUs and the future results will only improve from that established
benchmark. PIConGPU is a plasma-physics code with an HPC component that also
scales well on Frontier. The coupling between the simulation, data streaming and
distributed ML training was the first time such an in-transit learning workflow was
demonstrated at scale. My contribution to scaling the ML training was integral to

the larger in-transit ML workflow. To the best of my knowledge, we were the first to
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demonstrate such a workflow at the exascale level. This ultimately proved the viability
of running distributed ML training on AMD GPUs like the MI250X.

This work opened the door to further work that can be done with scheduling
strategies in HPC workloads. The combination of scientific simulations and ML train-
ing and the data streamed between them brings new challenges and the work was
the first step in establishing the possibility of learning scientific insights using such
orchestrations. Other domains or applications may need different scheduling methods
depending on the compute and data needs specific to them. This work also informs
on the software upgrades that need to be made to the AMD software stack to enable
ML training and compatibility of algorithms that exist on platforms with NVIDIA
GPUs. This was further validated by prominent technical analysts who concluded that
the AMD ROCm software has much further to go before it can provide the features
supported by NVIDIA out of the box. This is mainly future work for AMD and the
open source community developing the ROCm software stack. It will be a challenge
to keep up with the advances NVIDIA is making with CUDA software stack, but we
believe these advancements are still necessary for advancement of HPC software and
hardware design.

5) What insights or research questions will hyperparameter optimiza-
tion (HPO) and scaling of molecular dynamics ML models lead to?

PIConGPU’s ML scaling and the experience gained were invaluable as we scaled
cancer drug discovery ML workflows that synthesize docking for pose estimation and
molecular dynamics for protein-ligand docking.

Performing hyperparameter optimization (HPO) on the surrogate model led to
insights that helped guide future experiments, which ultimately yielded an improved
model with greater predictive capabilities for selecting the top poses of the ligand-
protein docking complexes. The improved model further reduces the need for compu-
tationally expensive MD simulations that were previously necessary in the absence of
the surrogate model. The implication of this work is that improved model accuracy

should lead to higher throughput in terms of lead molecules evaluated to advance to
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later stages of the drug discovery pipeline.

7.2 Thesis Contributions

The research questions were the motivation for this thesis, and the following are
the outcomes and contributions of this work.

1) Established that gradient boosted decision trees (GBDTs) outper-
form CNNs in predicting drug responses, with potential applicability to
other structured datasets. Designed and created a software utility that re-
searchers and domain scientists can use on their custom structured datasets
to compare and analyze CNNs and XGBoost models.

2) Proposed and developed novel approaches to address the scalability
of ML training on large-scale supercomputers such as Frontier equipped
with the state-of-the-art AMD GPUs

3) Improved scalability and performance of surrogate models that
reduce the computational cost of scientific applications in domains such as

plasma physics and drug discovery.
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