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ABSTRACT

Full Name : Hamed Aidaros Al-Mehdhar

Thesis Title : Optimizing GPU-Accelerated Data Processing Frameworks for Scalable
Deep Learning

Major Field : Computer Engineering

Date of Degree : December, 2024

In recent years, deep learning has proven effective in tackling a wide range of applications
surpassing conventional deterministic, handcrafted alternatives. Given the demand for
immense amounts of data to be used by deep learning models during training to produce
accurate results, preprocessing such data can greatly affect the deep learning model
lifecycle. Data preprocessing is a primary stage in any deep learning model, especially
during training, as it can impact a model’s accuracy and deployment time. The need for
streamlined data preprocessing led NVIDIA to come up with RAPIDS, which is a suite of
libraries specialized in data analytics tasks leveraging GPU Acceleration. cuDF is a library
within RAPIDS that is used primarily for data preprocessing. It also acts as a backbone for
other libraries to achieve GPU-accelerated performance. This makes cuDF a great
candidate for optimization as it can streamline the development and deployment of deep-
learning models. This thesis presents several novel contributions and optimizations to
cuDF, focusing on improving its performance and scalability. The focus of those
optimizations is on data loading as preprocessing routines may differ from one model to
another, yet all models must start with data loading. The implemented optimizations
include developing a novel version of cuDF that supports multi-GPU execution, improving

the workload that can be handled by cuDF, improving its performance in executing data

X1V



manipulation operations, and improving the overall utilization of resources in systems used
for machine learning tasks in general. The optimizations include multi-GPU support, a
dynamic memory management strategy, streamed data loading with kernel execution, and
the optimal utilization of I/O bandwidth. On the system-wide optimization that utilizes
multi-GPU support, the best-case scenarios yield a 3.09X increase in the data loading
capacity and a 1.26X execution time speedup against the original implementation of cuDF.
Meanwhile, the core optimizations to cuDF running on a single GPU offer a 1.65X increase
in data loading capacity and faster execution time by 13%. The version supporting multi-
GPU execution stands to gain a substantial 2.59X faster execution over the optimized
version of cuDF, with a 2X increase in the data loading capacity it can handle. The
optimized versions produced improved cuDF performance and scalability, allowing
democratizing GPU acceleration for deep learning model development and deployment on

commonly available hardware.
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CHAPTER 1

INTRODUCTION

1.1 Background and Context

Given the multitude of directions in which researchers are working towards enhancing the
computing power of devices, some of those approaches became an industry of their own.
Some of the proposed approaches are still in their infancy, while others are considered to
be mainstream enhancement methods adopted in a wide variety of devices, from highly
specialized ones to devices used by the public in their day-to-day lives. Graphics
Processing Unit (GPU) acceleration is at the center of well-established and widely adopted
technologies for the purpose of enhancing computation power. The Artificial Intelligence
(AI) revolution has created a demand never before been witnessed for GPU acceleration,
which made NVIDIA, as a leading manufacturer of GPUs, “the world's most valuable

company” [1].

GPUs were developed solely to accelerate graphics-related tasks. Given their high
performance and unmatched computational throughput compared to CPUs, developers
started to look for ways to use GPUs for tasks other than graphics related using APIs and
other techniques, yet this showed to be extremely difficult [2]. Noticing the efforts put by
the research community into generalizing the use of GPUs, in 2006, NVIDIA released its
first GPU equipped with CUDA (Compute Unified Device Architecture). The GeForce

8800 GTX was the first GPU to allow users to program for general-purpose processing [3].



CUDA has enabled researchers and developers to accelerate a wide range of applications
by executing those applications or components of their applications on GPUs. Its benefits
can be witnessed in fields such as medicine [4], signal processing [5], and engineering [6]
to name a few. All of those examples witnessed speedups that can reach 100s of times
when compared to with other works in their respective fields. CUDA has also enabled
researchers to tackle problems that were unfeasible to solve due to their high runtime [7]

by utilizing the high computational throughput of GPUs.

Data processing is yet another field that benefits greatly from GPU acceleration. Given the
increasing popularity of DataFrames, making them the de-facto data structure for
structured data processing and manipulation. DataFrame libraries with limited scalability,
e.g. single node or single thread execution libraries, reach their limits when handling
moderately sized datasets [8]. This raised the need for accelerating DataFrames with GPU

execution. CUDA proved to play a pivotal role in achieving streamlined data processing.

In this thesis, we look into how GPU-accelerated data processing libraries, cuDF in
particular, can be optimized for streamlined deep-learning model development. Deep
learning has proven itself to be more accurate and efficient than conventional systems in
various applications; however, this unparalleled performance is achieved at the cost of high
computational power demand. This computational demand exceeds the hardware
performance growth [9]. The trajectory deep learning is moving along regarding its
computational demand can pose a constraint in achieving better performance. This shows
the relation between deep learning and GPUs, as they try to harness the high computational
capabilities of GPUs to meet the computational demand of deep learning models in

achieving their prospected performance.



1.2 Research Problem and Motivation

Deep learning models have achieved tremendous performance in many applications due to
their ability to capture features that are next to impossible to account for using conventional
handcrafted methods [10]. Medicine and healthcare are among the most impactful areas
where deep learning is showing promising results. Deep learning models were able to
achieve superior results in cancer detection and diagnosis [11], preventing health
deterioration in diabetic patients [12], along with many other areas in medicine. Deep
learning models proved to give equivalent accuracy to healthcare professionals [13].
Weather forecasting is another area that has benefited greatly from deep learning. Quite
recently, as of Nov 2023, a deep learning model called “GraphCast” by Google proved to
be more accurate in med-range weather forecasting than the most accurate conventional
methods that use operational deterministic systems [14]. Deep learning has also proved to
be critical in other tasks, such as fraud detection [15], autonomous systems [16], Natural
Language Processing (NLP) [17], manufacturing [18], and many other applications from a

wide range of fields.

Data preprocessing is a critical stage in the lifecycle of deep learning model development,
as preprocessing the data before it can be fed to the model can greatly affect the accuracy

and performance of a model [19], [20], [21]. FIGURE 1 shows a simplified representation of

the deep learning model development lifecycle and the difference between model
development on CPU vs GPU. The workflow execution time in the figure refers to the data
preprocessing time and training time of a deep learning recommender system model

executing on CPU and GPU, showing the ratio of preprocessing to training time [22].
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Figure 1. CPU vs GPU Deep Learning Model Workflow

Data processing is an iterative process, meaning it can be repeated many times over until
adequate results are obtained [23]. Optimizing this component presents a key opportunity
to significantly enhance the overall model’s performance, making it a central focus of our

work.

When addressing tabular data processing, DataFrames are among the most powerful and
widely used data processing tools in Python [24]. Rule and Tabard et. al in [25] have
examined over 1.2 million Jupyter notebooks on GitHub and found that Python notebooks
account for over 96% of them. Pandas library is among the most imported libraries and

packages into those notebooks, with 42.3% of the notebooks using It. Pandas library has



been downloaded over 7 billion times [26], proving that data science and analysis are of

paramount importance nowadays.

Studying the occurrences of each Pandas DataFrame operation on over 1 million Jupyter
notebooks [27], it was found that the most common operations of Pandas DataFrame
include operations to create a DataFrame, such as pandas.read csv (). Data
aggregation operations such as mean, sum, and max are also among the most used
operations on a daily basis along with other operations supported by Pandas. They have
also identified areas for optimizing Pandas DataFrame, among the most noticeable ones is
the support of multi-core capabilities as Pandas is limited by its single-threaded
implementation, and improving the overall scalability limitations of Pandas beyond the

scalability gains of parallelism.

The need for streamlined data preprocessing led NVIDIA to develop RAPIDS, a suite of
open-source libraries specialized in data analytics tasks leveraging GPU Acceleration.
cuDF is a library within RAPIDS that is used primarily for data preprocessing. It also acts
as a backbone for other libraries to achieve GPU-accelerated performance. cuDF can be
blazing fast compared to CPU-based data preprocessing libraries, in certain instances,
cuDF can be up to 150x faster than Pandas [28]. However, cuDF suffer from several major
constraints that can hinder its adoption. For instance, cuDF does not scale across systems,
meaning it only supports single-GPU execution. The cuDF DataFrame is also quite
inefficient with GPU memory usage. Testing cuDF, it was found that the largest CSV file
size cuDF can read into a cuDF DataFrame is around 31% of the available GPU memory.
Inefficient use of limited GPU memory greatly reduces cuDF’s capabilities in handling

large datasets, as to be expected when used for deep learning data preprocessing tasks.
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Mitigating those challenges can produce a version of cuDF that is more suitable for data

preprocessing of deep learning models.

Streamlining data preprocessing framework could potentially alter the transition from one
data structure to another in a deep learning pipeline. Utilizing a single, and uniform data
structure within the pipeline would help in optimizing memory usage, and improve the

end-to-end performance of a deep learning model development lifecycle. FIGURE 2 shows

the data structure transitions in a generic deep learning model.
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CSV Files, .
Parquet Processing
Files, Numpy Array, Numpy Array,
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Avro Files, Tensors, ... Tensors, ...
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Figure 2. Data Structure Transition in Conventional Deep Learning Pipeline

FIGURE 3 shows the reduction in data structure transitions in the pipeline if a data structure

is streamlined well enough to suit the requirements of the different stages in the pipeline.
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Figure 3. Envisioned Data Structure Transition in Deep Learning Pipeline

In this thesis, we present several novel contributions and optimizations to cuDF, focusing

on improving its performance and scalability. The implemented optimizations include
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developing a novel version of cuDF that supports multi-GPU execution. As for the
optimizations implemented on the core of the cuDF library include implementing a
dynamic memory management strategy, concurrent data loading kernel execution, and
improving the utilization of I/O bandwidth between the host and the device. Thus,
improving the workload that can be handled by cuDF, the overall utilization of resources

in systems used for machine learning tasks in general, and the performance of cuDF.

1.3  Thesis Organization

The thesis starts with the BACKGROUND, giving the principles of the GPU execution model
and the challenges accompanied by this model. The LITERATURE REVIEW, covers GPU-

accelerated data processing, GPU optimization approaches, and with GPU acceleration

challenges. The WORK OVERVIEW chapter highlights the main contributions of this work
and the experimental setup. Followed by the adopted OPTIMIZATION TECHNIQUES

explaining the concept behind the optimizations and their implementation details. The

RESULTS AND DISCUSSION, present the outcomes of this work and explain the key points of
the results. Lastly, the work is concluded in the CONCLUSION AND FUTURE WORK

summarizing the outcomes of this work and identifying areas of optimization that can be

targeted in future endeavors.



CHAPTER 2

BACKGROUND

2.1 DataFrames

DataFrames were first introduced by Chambers & Hastie et al. in 1990 as an S
programming language object class data.frames [29]. In their book, they state that
data frames are designed to mimic matrix operations, however, the difference between
DataFrames and matrices is in their ability to support elements of different types into the
same DataFrame. Pandas, developed in 2008, brought DataFrames capabilities into Python

[30], creating flexible, yet versatile data science capabilities.

Data in a DataFrame model belongs to a predefined set of domains, which we can think of
as datatypes. Supported domains differ from one DataFrame library to another. For ease of
use, each element within a domain within a DataFrame takes the type of its domain. This
also applies to missing values, where each domain has its own distinguishable Nul1 value.
Another aspect adding to the flexibility of DataFrames, domains don’t need to be declared

beforehand, meaning they can be deduced when needed.

FIGURE 4 shows the general DataFrame data model consists of an array containing the data,
labels for the rows and the columns, and the column domain representing the column’s
metadata. Referencing rows and columns in DataFrames can be done using positional
notation, with numerical indexes (e.g. DF [2, 1]), or using named notation, using labeled

indexes (e.g. DF[“col 0 Label”]). With DataFrames, we can perform operations



row-wise, column-wise, or on individual elements within the array of data, using the row

and column indices to reference a specific element.

Col O Col 1l Col 2
Label Label Label

Col O Col 1l Col 2
Domain | Domain | Domain

Raw

Labels 2D Array of Data

Figure 4. General DataFrame Data Model

DataFrames versatility comes from the fact that it combines the capabilities of relational
algebra in relational databases (e.g. join, filter, group by,...etc.), linear algebra in matrices
(e.g. matrix multiplication, transpose, element-wise operations,...etc.), and spreadsheet
computations utilizing formulas (e.g. conditional formatting, aggregation, fill/replace,
...etc.). DataFrames differ from relational databases as relational databases require a rigid
declaration of a column’s data, the deferred datatype declaration of data in DataFrames
allows, for instance, to perform the transpose operation, unlike relational data models. As
for matrices, DataFrames differ from them by allowing heterogeneous data to be present
within the same DataFrame. Spreadsheets can be modified to represent something similar
to DataFrames using extensions, however, the simplicity of DataFrame operations allows

for easier implementation and optimization [27].

According to [27], the most common Pandas DataFrame operations [31] used on a daily

basis include:



e read csv:used toread CSV data into a Pandas DataFrame.

e DataFrame: used to construct a Pandas DataFrame.

e shape: used to represent the dimensionality of the DataFrame

e head: used to return the top rows in the DataFrame

e plot: used to make plots of the DataFrame or a specific series within the
DataFrame.

e mean: used to obtain the mean value of an axis within the DataFrame.

e sum: used to obtain the sum of the values of an axis within the DataFrame.

e max: used to obtain the maximum value of an axis within the DataFrame.

e groupby: a versatile operation that can be used to group the data within the
DataFrame and apply a function over the grouped data and combine results.

e Jjoin: used to join columns from different DataFrames.

e loc: used to access the columns and rows of a DataFrame.

e iloc: used to access the data of a DataFrame through select by integer position
only.

e drop: used to drop specific rows or columns within a DataFrame.

e apply: used to apply a function on an axis within a DataFrame.

2.2 GPU Execution Model

GPUs follow a Single Instruction Multiple Thread (SIMT) architecture, which means
multiple threads are issued to process specific instructions in parallel. A thread is
responsible for executing a specific kernel, i.e. function, on a GPU core. A group of threads

i1s organized into a Thread Block which is executed in parallel on a Streaming
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Multiprocessor (SM/SMX), which consists of multiple cores. It is worth mentioning that a
group of 32 threads within a thread block is called a Warp, where all threads within the
warp execute the same instruction. Combining a group of thread blocks produces what is
known as a Grid. All thread blocks in a grid consist of the same number of threads per

block. A grid is executed on several streaming multiprocessors (SMs/SMX) [32]. FIGURE
5 gives a simplified visual representation of how threads are grouped and how they are

processed by the processing units within a GPU.
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Figure 5. Visual Representation of CUDA Thread Hierarchy and associated GPU Processing Unit “Modified from
[33]

Launching a CUDA kernel to execute GPU code, i.e. device code, requires specifying the
dimensions of the block and the grid within the code executed on the CPU, i.e. host code.
Those are known as the launch parameters. The syntax for launching a CUDA kernel in

C/C++ language is as follows:
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CUDA kernel <<< grid, block, unified memory bytes, stream >>> ();

A typical CUDA program requires 3 main steps, the first is to copy the data from Host
memory to Device memory (HtoD), followed by performing the required computations
specified in the CUDA kernel, and lastly, copying the data from Device memory to Host
memory (DtoH). CUDA kernels can also specify which “stream” to launch a kernel, where
a is an abstract concept in CUDA. Streams can be thought of as processes running their
code on a processor in a sequential manner. Streams, just like processes, allow concurrent

execution of multiple streams.

Dividing the data to be processed into smaller portions/chunks allows for faster copying of
the data between device and host memories and allows for concurrently running the
intended computation utilizing multiple streams. This strategy helps reduce the time
required to complete a task by dividing it into multiple smaller tasks (handling smaller

data) that can be executed concurrently, as can be seen in FIGURE 6 [34].

I Single Stream Execution

Stream 0 Memcpy (HtoD) Compute Memcpy (DtoH)
(Default Stream)

Time o

ConcurrentMultiple Streams Execution with Copy-Compute Overlap
Stream 0
(Default Stream)
Memcpy Memcpy
Stream 1 (HtoD) Compute (DtoH)
Memcpy Memcpy
Stream 2 (HtoD) Compute (DtoH)
Memcpy Memc
Stream 3 i i py
(HtoD) Compute (DtoH)
Time -

Figure 6. Copy-Computer-Overlap Concept
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2.3 Challenges

The challenges faced in carrying out this work can be grouped into two categories. The
first are challenges related to the GPU execution model, while the second category is

related to DataFrames, and their execution on GPUs.
2.3.1 GPU Execution Challenges

CPU-GPU Communication Overhead

All GPU control flows are initiated by the CPU, as the CPU orchestrates the overall control
flow of programs executing in a system. FIGURE 7 shows the generic control flow sequence
required to launch a kernel on the GPU. The figure shows the extent at which GPUs relay

on CPUs to perform their tasks.

8. Return Results 7B. Execute Kernel

1. Allocate Device Memory

5. Transfer Data

6. Launch Kernel

ejeq Jajsuel]

3. Request Data
7A. Access Data

<&

2. Allocate Memory
6. Copy Data

Figure 7. Generic CPU-GPU Control Flow Sequence

13



The CUDA programming guide released by NVIDIA [32] encourages developers to
minimize data transfers between the host and the device. This is because the high overhead
of data transfers can limit the benefits of utilizing GPUs' high computational throughput.
To reduce the cost of data transfers, developers might need to migrate portions of their host
code into device code even if their code does not efficiently execute on GPUs. All of this
added effort is to reduce the overall cost of data transfers, as it can completely diminish the
gains of accelerating applications on GPUs. Another aspect of this overhead arises when
handling small transfers, as each transfer acquires its own overhead. Performing many

small transfers will accumulate those overheads, severely impeding GPU acceleration.

Locality

There are two dimensions of locality, temporal and spatial. temporal locality indicates that
a program has a high tendency towards using the same memory locations over and over.
While spatial locality indicates the adjacency of memory accesses [35]. There are many
factors that can impact the degree of locality that can be achieved, such as the memory
allocation policy, where the use of memory coalescing for example can improve spatial
locality [36]. Another factor is related to how the data is accessed within the device code

[37]. This makes handling locality quite a challenge for any GPU-accelerated application.

Thread Divergence

As stated in the GPU execution model, all threads within the warp execute the same
instructions. When threads within a warp do not have the same control flow, this creates

what is known as thread divergence. Thread divergence can impact the benefits of
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parallelism in GPU execution [23]. FIGURE 8 shows the concept of thread divergence and

how it can occur.
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Figure 8. Thread Divergence

2.3.2 DataFrame Challenges

Scalability

How scalable a DataFrame framework is can greatly affect its effectiveness. Limiting
execution to a single resource in a system further limits this user’s ability to handle larger
workloads. Frameworks that require highly sophisticated setups to handle their workloads

impose a very high cost on their users.

There are two main approaches to scaling systems, the first is scaling up, where more
resources are added to a single machine. The second approach is to scale out, where more
nodes are added to a system instead of relying on a single machine. Scaling out approach

is preferred and is becoming the norm because of the lower overall system cost, as the
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nodes in the system can be moderate instead of relying on highly sophisticated machines.
The second reason that makes scaling out a better approach is due to the added resilience
it offers, where in the case of failure of certain nodes, the remaining ones can carry out the
work [38]. DataFrame libraries that do not offer adequate scalability greatly limit the
utilization of scaled-out systems and they make achieving their objectives more difficult

and expensive for the user.

Efficient Memory Utilization

Memory demand is more severe when dealing with GPU-accelerated DataFrames, as GPUs
generally have more limited memory resources than CPU memory, and there is no feasible
option to upgrade GPU memory, as the case is with CPUs. According to McKinney, the
developer of Pandas, the rule of thumb when working with Pandas DataFrame is to have a
memory that is 5-10x the size of the dataset targeted for processing [39]. As discussed later

in SECTION 6.2.2, cuDF is even more memory-demanding than Pandas!

In data processing, GPU accelerated DataFrames, in this case cuDF, seems to be an
excellent candidate for loading, exploring, transforming, and cleaning data. However, due
to memory limitations on top of limited scalability with single GPU execution only, it
excludes cuDF from handling large datasets, hence from being a viable option to use in

certain scenarios and applications [40].
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CHAPTER 3

LITERATURE REVIEW

The literature review conducted for this thesis reflects what the scientific community and
industry have achieved in regard to GPU-accelerated data processing and what approaches
are explored in the literature to optimize GPU-accelerated workflows. Concluding with the

challenges that can hinder and degrade the performance of GPU acceleration.

The investigated areas in the literature review help us in planning a roadmap on how to
approach GPU optimizations, what to look for, and what to avoid to gain improved

performance on GPUs.

3.1 GPU-Accelerated Data Processing

RAPIDS is an open-source suite of API libraries developed to execute Data Analytics and
Data Science on NVIDIA’s CUDA-enabled GPUs. RAPIDS suite includes a wide range
of projects, including cuDF for DataFrame Processing with a matching API to Pandas,
cuML for machine learning with an API similar to scikit-learn, cuGraph for graph
processing with an API similar to networkX, RMM that provides configurable GPU
memory management, along with other projects that provide an end-to-end data science

experience [41]. FIGURE 9 shows the RAPIDS ecosystem structure layers and how it

integrates with NVIDIA’s technology stack utilized by libraries within RAPIDS.
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Figure 9. RAPIDS Ecosystem Layers “Adapted from [41]”

cuDF is a GPU DataFrame with an API mimicking that of the Pandas DataFrame. It
provides users with all they need for data processing and manipulation on NVIDIA CUDA-
enabled GPUs. cuDF comes as a part of RAPIDS. The core of the cuDF Python library
uses libcudf, which is a C++ library that is used by cuDF to execute some of its operations.
cuDF is developed to be perceived as a GPU-accelerated Pandas DataFrame [42]. cuDF

falls under the RAPIDS layer shown in FIGURE 9 as a key component of the RAPIDS

ecosystem. CuDF directly utilizes CUDA for GPU acceleration to operate on tabular data.

Dask-cuDF is another library under RAPIDS for data manipulation [43]. It utilizes the
Dask framework for parallel computation. Dask framework is a Python library developed
for distributed parallel computing. Dask DataFrames uses Pandas as the backbone, creating
multiple Pandas DataFrames that execute in parallel [44]. On the other hand, Dask-cuDF
uses cuDF as the backbone, executing its operations on cuDF DataFrames. Dask-cuDF

falls under the RAPIDS Integrated layer shown in FIGURE 9, as it integrates the Dask

parallel computing framework with GPU-accelerated capabilities of cuDF to enable

distributed and parallel workflows leveraging GPU acceleration.
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RAPIDS also provides a cuDF Pandas accelerator. This accelerator runs Pandas’
operations on cuDF in order to accelerate its performance by running on GPU. This
accelerator automatically falls back to normal Pandas running on the CPU in case an
operation does not execute properly on cuDF [45]. The cuDF Pandas accelerator falls under
the RAPIDS Accelerated layer shown in FIGURE 9, as it accelerates Pandas trenchantly by
replacing Pandas operations with cuDF operations to gain the benefits of GPU acceleration

when possible.

FIGURE 10 demonstrates how RAPIDS enables data science and Al libraries to build on

CUDA and CUDA-enabled hardware making GPU acceleration accessible across

workflows in various environments.

Data Science and Al Applications

Accelerated Libraries

RAPIDS GPU Python and C++ Libraries
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Hardware

E— .
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=

Figure 10. Hardware-to-Software Stack for the Data Science Pipeline “Adapted from [46]”

Hernandez et al. in [47] have conducted an extensive evaluation of the RAPIDS suite,
including cuDF. The evaluation was conducted on the Summit supercomputer to gain a

better understanding of the performance of the RAPIDS libraries. The operations evaluated
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include reading CSV files of various sizes, finding the unique elements in the DataFrame,
merging the DataFrame with another DataFrame, and grouping entries within the
DataFrame. Throughout the testing of the various operations, the GPU accelerated cuDF
was at least an order of magnitude faster than Pandas DataFrame running on CPU. It was
noticed in this evaluation that the merge, groupby, and unique operations showed poor
scalability, unlike the read_csv operation, as the number of GPUs increased, which could

be a good direction for our work to look into.

The work of Topcu in [48], is dedicated to evaluating the performance of a meteorological
model for forecasting a meteorological phenomenon using a High-Performance Computing
(HPC) system. The part that concerns us in this study is running the algorithm on GPU
using CUDA. The model was implemented to run serially on the CPU, then to run in a
parallel fashion using GPU. They showed that the required calculations, in comparison
with CPU serial execution, were 13.1% faster when running on GPU using the local
memory of the GPU and 94.1% faster when using global memory. Using the RAPIDS suits,
Rabhi et al. [49] were able to accelerate a recommender system by 15.6x using several
optimizations, among which was the use of cuDF for data preprocessing. By migrating
from Pandas DataFrame to cuDF, they were able to achieve a speedup of 9.7x in the process
of feature engineering and data processing with noticeable speedups in 12 different

DataFrame operations.

The works in the literature are mostly concerned with measuring the performance of GPU-
accelerated DataFrames and data processing libraries showing remarkable speedups when
compared with CPU-executed libraries. However, there is a severe lack of research directed

toward optimizing and enhancing the inner workings of cuDF. The work of Yogatama et
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al. in [50] 1s among the very scarce works directed toward optimizing cuDF DataFrame,
which NVIDIA RAPIDS has already adopted in the current versions of cuDF. Their work
focuses on accelerating user-defined aggregation functions, achieving remarkable

speedups compared with the baseline version of cuDF.

3.2 GPU Optimization Approaches

General optimization enhancing GPU performance found in the literature involves memory
management and exploiting the GPU’s massive parallel computation powers. In this
subsection of the literature, we will look into optimization concepts that could be employed

to improve the performance of cuDF.

Yang et al. [51], investigated GPU memory management techniques for Deep Neural
Networks (DNNs) focusing on nonlinear networks to address the constraints imposed by
limited GPU memory. The work utilized unified memory pooling to address the problems
of fragmentation with a novel placement policy for allocations. The proposed system
reduced memory consumption by 31% with a throughput improvement of 42% when

compared with the state-of-the-art.

The survey conducted by Winter et al. in [52] evaluated the proposed dynamic GPU
memory managers’ approach. The work evaluated ten different GPU memory managers
based on their performance concerning allocations, scalability, fragmentation, and out-of-
memory. The survey concludes that there is no such thing as a perfect memory manager, it

depends on the focus and primary concern of the user to decide the manager that suits their
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application best. One major outcome is regarding future proofing, as the majority of the

tested memory managers are not supported on newer GPU architectures.

Becker et al. in [53], proposed a framework called Cyber Log Accelerators (CLX) that
utilizes RAPIDS libraries to streamline loading Security Information and Event
Management (SIEM) data and preprocessing. The work emphasized the benefits of using
memory pooling utilizing RMM and developing nine cyberpandas functions under the
RAPIDS suite yelling an average speed up of 295x when compared to the cyberpandas

version running on CPU.

The work of Kawakami et al. in [54] analyzed the performance of atomistic models on
different computed models, and they concluded that GPU-accelerated versions of the
models leveraging CUDA were 54x faster than the baseline on a single GPU and 215x
faster on six GPUs compared to the baseline. The experiment also leveraged RMM, and
using unified memory, they were able to accommodate datasets exceeding the GPU
memory capacity. However, the performance did not always improve as some memory

allocation strategies led to a degradation in performance compared to the baseline.

We have exhausted the literature for works that utilize RMM. However, some works utilize
and benefit from the use of RMM for memory allocation [55], [56], [57], yet those works
did not give specific details or analysis on the effects of using RMM. There are other works
[58], [59] that investigated the use of RMM memory allocators; however, their use cases
required large allocations, and they noticed that large allocations led to fragmentation

issues, rendering the RMM memory allocation strategy used unbeneficial in their test cases.
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Another common approach to optimize CUDA kernels is the use of multiple streams to
work on a kernel concurrently. A Thread Block in CUDA is executed in parallel on a SM,
consisting of multiple cores. CUDA allows overlapping copy operations with computation
by splitting the data into smaller chunks and allowing the copy engine to start copying the
data, while the kernel engine, which performs the computation, executes the kernel
independently of the copy engine. Decoupling the copy engine from the kernel engine
allows what is called “Copy-Compute-Overlap (CCO)”. This technique improves the

performance by allowing the computation to start before the data is fully copied to memory.

This optimization technique made possible by CUDA has proven its efficiency, as seen in
[60], [61] along with many other sources in the literature that apply the same principle
within the scope of their application. For brevity, other references are not mentioned as
none of them employ this technique to optimize cuDF or any other CUDA-enable GPU-

accelerated data manipulation library.

3.3 GPU Acceleration Challenges

Not all types of tasks benefit from GPU parallel execution. There are a number of

challenges that must be addressed in order to reap the benefits of GPU acceleration.

Vanderbauwhede et al. [62] experimentations identified the following possible challenges
that might affect the gains that GPU acceleration can achieve. Among the possible concerns
would be CPU-GPU communication. The PCI Express system latency can significantly
reduce the effectiveness of parallelism. Another factor would be the size of the data
available for parallel execution for the GPU/s. GPUs require large data sizes to maximize

performance. Lastly, how much of the model can be executed on the GPU can greatly affect
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the overall performance and speedup. Without proper analysis of the model, the effort to

accelerate some components would be futile.

In the work of Solano-Quinde et al [63], they successfully accelerated a module within a
system by 3.5x using multi-GPU execution. However, their multi-GPU implementation
was designed carefully to avoid what could possibly impede the benefits of using multi-
GPUs, which is host-to-device (CPU to GPU) data transfer. They had to minimize the
amount of data transfers, using pinned memory (locked memory). They reduce per-transfer
overhead by adopting batched transfers where they combine small transfers into a larger
transfer reducing the overall number of transfers required. This indicates that the transition
to GPU-accelerated implementation is not straightforward and requires careful planning on

how to properly benefit from GPU acceleration, especially in regard to data transfers.

Whetstone et al in [64], touched upon a critical subject when it comes to GPU acceleration.
The principle of temporal data locality is how frequently a program uses the same data
items again and again during the program execution. If the nature of the program uses many
data items (e.g., a large number of array elements) for minimal processing, this will create
a mismatch between computation vs memory access. This mismatch will require more data
transfers, which in turn will incur more overheads. This overhead will undermine the GPU's

strong suit, reducing the effectiveness of GPU acceleration.

The work conducted by Puranik in [65], examines the effect of running different
DataFrame operations on CPU vs GPU. The work touches upon concerns related to
working with GPUs. Among those concerns, as discussed, is the problem of memory and

data transfers. Another concern is what is known as thread divergence, where different
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threads have to concurrently perform different operations from each other, which can
potentially harm the overall performance in comparison with how gracefully CPUs handle
thread divergence. Those concerns can potentially affect GPU performance, making it
worse than CPUs. However, for tasks that are embarrassingly parallel, GPUs tend to
perform much better than CPUs, as witnessed by the finding of Puranik’s work. The ‘Map’
operation, which is a DataFrame operation used to apply custom functions to elements of
a specific column, has gained a 20x speedup running on GPU DataFrame when compared
to CPU DataFrame as the array size increases. As for the ‘Reduce’ operation, the speedup
can reach around 80x, while the ‘Filter’ operation can have a 2x speedup by running the
operation on GPU when compared to CPU. The reason for the lower speedup gains in the
“’Filter’ operation is due to one of the aforementioned concerns, mainly thread divergence,

leading to less-than-optimal utilization of the GPU.

In the work of Topcu in [48] discussed earlier, the paper inaccurately attributes this speedup
to the memory transfer difference between local and global memory schemes. However,
most likely this speedup is attributed to efficient memory access patterns when utilizing
global memory instead of local memory. The work also demonstrated the effect data
transfer has over potential performance improvements, which is highly exacerbated in the

case of relatively low computation when compared with data transfer.

Based on the identified GPU acceleration challenges and optimization approaches, we can
look into those challenges from a GPU-accelerated DataFrame perspective, and how those

challenges can affect the performance of GPU-accelerated DataFrames. TABLE 1

summarizes the challenges and optimization approaches and maps them to their possible

effects on GPU-accelerated DataFrames, specifically cuDF, performance.
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Table 1. Summary of GPU Acceleration Challenges and Their Effect on GPU-Accelerated Data Processing
Frameworks
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CHAPTER 4

WORK OVERVIEW

4.1 Contributions

The thesis contributions can be summarized as follows:

¢ Adding multi-GPU capabilities to cuDF,

o Multi-GPU support helps improve the performance of cuDF CSV data
loading operation and drastically improves the scalability of cuDF, allowing
it to handle larger datasets and addressing single GPU execution limitations
in cuDF.

e Integrating RAPIDS Memory Manager (RMM) into cuDF to dynamically utilize
memory pooling and managed memory,

o This contribution aids in streamlining cuDF operations and scalability.

o Improving performance by optimizing memory access patterns, and
memory allocation strategy.

e Utilizing the concept of CUDA streams to streamline the cudf.read_csv operation.

o The utilization of multiple CUDA streams allows concurrent execution of
GPU kernels developed to read CSV files into cuDF.

o Allowing for more efficient processing leveraging CUDA’s copy-compute-

overlap optimization technique.

e Improving CPU-GPU communication,
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o Optimizing how cuDF handles data transfers between the host and the
device, effectively improving its performance and reducing the CPU-GPU
communication overhead.

e Improving the overall performance and scalability of cuDF on single-GPU and

multi-GPU environments.

Those improvements act as an enabler for people working on developing deep-learning
models by streamlining the data processing stage of the deep-learning model development

lifecycle.

4.2 Experimental Setup

This section discusses the methodology followed in this work, starting with
DEVELOPMENT ENVIRONMENT SETUP, detailing the environment setup on which

the experiment is conducted, including hardware and software components. Then, DATASET

explores the dataset used to test the effect of the different optimizations. Lastly, the

subsection EXPERIMENTAL PROCEDURE of the methodology explains the procedure for

measuring the performance and the details of the conducted experiments.

4.2.1 Development Environment Setup
TABLE 2 shows the operating system and hardware specification of the systems used in this

work.
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Table 2. Operating Systems and Hardware Specification

Operating System CPU Specs GPU Specs
Architecture: x86-64 Arcbltecture: NVIDIA Ampere
architecture
CPU op-mode(s): 32-bit, 64-
Ubuntu  22.04.2 bit Multi-node GPU workstation:
LTS
Model name: Intel(R) - 2 NVIDIA RTX A4500
Core(TM) 19-10900X CPU @ devices.

3.70GHz

CPU Cores: 10
Memory: 20GB of memory per

Kernel: Lin}lX CPU Threads: 20 node, total 40GB of memory.
5.19.0-43-generic

RAM: 130GB Cuda Version: 12.4

As for the software components used in this work, Python 3.11.8, Pandas version 2.2.1,
cuDF version 24.04.00, Dask version 24.04.00, RMM version 24.04.00a36, and NVIDIA
Nsight Systems version 2023.4.4.54-234433681190v0 to profile the applications. The
GPU Driver version 550.90.07 with CUDA version 12.4. with NVIDIA CUDA Compiler
(NVCC) version .33961263_0 and GCC version 12.3.0. GCC is used as it is the default
compiler ,on Linex, used by NVCC to compile C++ files. Jupyter Notebook, to run and

document the code, version 7.1.1.

4.2.2 Dataset

The experimentations carried out in this work use the MeteoNet meteorological dataset
provided by the French National Meteorological Service [66]. The Dataset consists of a
time series of ground station data represented in CSV format. This work focused on the

Southeastern France ground stations data, spanning 2016, 2017, and 2018. The dataset is
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sampled at a high resolution of 6 minutes between samples. The overall size of the dataset

on disk is ~9.81 GB.

The meteorological parameters are represented in a tabular format which are:

e dd: representing the wind direction (in degrees °)

e ff: representing the wind speed (m/s)

e precip: representing the precipitation rate in (kg/m?2)
e hu: humidity (%)

e td: Dew Point in Kelvin (K)

e t: temperature in Kelvin (K)

e psl: pressure at sea level in Pascal (Pa)

The dataset is not clean, and it contains some missing/invalid entries.

The dataset was split into different sizes to measure the performance in reading varying
CSV file sizes. The sizes of the files used to perform the tests are 10MB, 100MB, 1GB,
3.39GB, 5.93GB, 9.81GB, 18.3GB, and 27.4 GB. The first four files (from 10MB to
3.39GB) are taken as part or as a whole from the year 2016 of the MeteoNet dataset, the
5.93GB file is produced by combining the data from 2016 and 2018 files. The 9.81 file is
produced by combining the full dataset (2016, 2017, and 2018) files. The 18.3GB file
duplicated and combined the three files into one file. Lastly, the 27.4GB file combines

three duplicates of the full data dataset files.
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4.2.3 Experimental Procedure
Three different libraries and accelerators are tested to measure the execution time of
loading a CSV file into a GPU DataFrame. The libraries are cuDF, dask cudf, and

cudf.pandas.

The results documented in the RESULTS section are obtained by running seven trials of a
Python script from a Jupyter notebook for each test case using the magic command
“%%timeit”. The reported execution time is the average wall time of executing the
Python script. The Python scripts include importing the library, reading the CSV file, and
then performing the max operation on the DataFrame produced after reading the CSV file.
The reason for including the max operation is because of the use of the dask cudf
library. Dask performs a lazy dask cudf.read csv (), meaning the data after this
operation is not read into memory. It only creates a DataFrame populated with the file’s
metadata. The actual reading starts when an operation that needs to work on the data is
invoked. Hence, the max operation is included in the time measurement to make sure all
of the tested libraries perform the file reading operation fully, emulating an eager
evaluation for Dask. To keep comparable measurements, all of the scripts are tested
following the same standard (import, read, max) for each library. The results obtained are

based on those Python scripts described unless explicitly stated otherwise. FIGURE 11

depicts the logical flow followed in the Python scripts that were used obtain the results.
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Import library

Read CSV Data

A 4

Perform Max
Operation

END

Figure 11. Flowchart of the Python Script Used in the Experimental Procedure

The trials were executed under eight scenarios. The multi-GPU version of cuDF is included
in each scenario. Starting with the “plain” scenario, where all the inner workings of the
libraries are not altered to document the baseline performance. The following three
scenarios test the effect of the three optimizations (i.e. RMM, SM, and optimal chunk size),
individually. The next three scenarios test all the combinations of two optimizations

together. The last scenario tests the effect of applying all of the optimizations.

4.2.4 Deep Learning Model

Experiments have been conducted to measure the effect of optimizations on other
frequently used operations on time series datasets for deep learning model training. The
tested data preprocessing operations are CSV data loading, datetime conversion, indexing,

and resampling the dataset on a daily mean value with backward filling of missing data. A
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deep-learning weather forecasting model was used as a test case and fed the processed
dataset for training. The model uses a hybrid architecture combining a one-dimensional
Convolutional Neural Network (CNN) and Long Short-Term Memory (LSTM) layers. The
focus regarding the results obtained by training the model is on the data preprocessing side

of the overall model development lifecycle.
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CHAPTER 5

OPTIMIZATION TECHNIQUES

5.1 Optimization Approach

The optimization approach explores the general ideas and concepts behind applied
optimizations to cuDF to improve its overall performance and scalability. Areas of
optimization explored in this section include customized memory allocation, copy-

compute overlap, optimizing I/O bandwidth utilization, and adding multi-GPU support.

5.1.1 Multi-GPU Support

Dividing the jobs to be accomplished by a single processing unit can stand to be
significantly improved by dividing the work over multiple units. In the era of HPC, the
concept of utilizing multiple processing units has become the norm, otherwise known as
scaling out [38]. In our case, the focus is on utilizing multiple GPUs to improve
performance and scalability by utilizing available hardware within a system. Utilizing
multi-GPU is quite appealing. However, several considerations can greatly limit the benefit
of adding multi-GPU support to an application. If carried out poorly, a multi-GPU design

can lead to worse performance than a single-GPU design.

Among those considerations is how the data is distributed among the GPUs available in

the system, FIGURE 12 shows the nuanced cases of distributing a CSV file to be read by

two GPUs into cuDF DataFrames. The naive case does not take into account that
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DataFrames required the full row to be read into the DataFrame, if the naive
implementation is followed, this will lead to producing incorrect DataFrames on each GPU,
as the first GPU containing the first half of the file might have missing data, while the

second half would have misaligned data.

File Representation in Memory

0 10 16 21

I Memory units occupied by target file I Memory units Containing end-of-line byte

Data Distribution (2 GPUs):

Case 1 (Naive Distribution- Producing Incorrect Results):
- Memory Blocks =Number of bytes / Number of devices

GPUO DataFrame GPU1 DataFrame
number_sta lat lon height.sta number sta lat lon height sta
0 1027003 45.83 5.1 196.0
R 0 | 1960 1034004 4577 5|69
1 1033002 4609 581 350.0 Misaligne
g
2 1034004 4577 5.69 330.0 ! Sl [jg%%)l] e T
3 1072001 | Missing Data 1] 2 3300 1034004 4577 sl69

Case 2 (Sound Distribution- Producing Correct Results):
- Memory Blocks = (Numberof bytes/ Number of devices) + bytes till end ofine

GPUO DataFrame GPU1 DataFrame
number_sta lat lon height sta number sta lat lon height_sta
0 1027003 45.83 5.1 196.0 0 T ir———
1 1033002 46.09 5.81 350.0
1 1185004 45980 5.598
2 1034004 4577 5.69 330.0
3 1072001 46.20 5.29 2600 | | 2 1200002 46.090 5.482

Figure 12. Data Distribution Challenges in Multi-GPU Environment
Another concern with multi-GPU support is how to manage the memory space of multiple
GPUs from a single host. FIGURE 13 illustrates a possible scenario when handling data that

is distributed over multiple GPUs. CUDA’s design prevents the host from interfacing with
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multiple GPUs using the same thread. Multiple threads are required to properly access data

distributed over multiple GPUs.

Single-Threaded Execution

Illegal Memory Access !

<&
<

Data

\ 4

Memory Access Request | Memory Access Request

GPUO GPU1
L] L] — —_— _— —_— L | —_— — _— —_— L | L] — —_— —_— L] L] L] —_— —_—
Multi-Threaded Execution
Data Data
Memory Access Request Memory Access Request

GPUO GPU1

Figure 13. Memory Access Challenges in Multi-GPU Environment

Other multi-GPU support challenges include the nature of the task to be performed, the
presence of data dependencies among the GPUs, the size of the data, and the amount of
computation to be performed, among other factors that can hinder the performance of a
multi-GPU design.
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When performed properly, a multi-GPU design can improve the performance of running
tasks in parallel over the available GPUs in the system. It can also greatly expand the
memory that can be utilized to perform data-intensive tasks, as memory constraints in
GPUs are among the greatest impediments of GPU-centric approaches. FIGURE 14 shows
the difference between a single-GPU and multi-GPU execution workflows, where the

multi-GPU execution workflow distributes a CSV row-wise into multiple chunks to be

processed concurrently on multiple GPUs.

Result#0 Result#1 Result#3
3 1 1

Multi-GPU Execution Workflow

—_—— e e e = e A e e e e e - — g

Figure 14. Conceptual Representation of Single-GPU Execution Vs. Multi-GPU Execution
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5.1.2 Customized Memory Allocation Strategy

In CUDA programming, Device (i.e. GPU) memory allocation starts by initiating the
allocation request from the host (i.e. CPU). Improving the performance workflows
intended to utilize CUDA enabled GPUs requires optimal memory allocation. RMM is
developed to achieve this optimal performance by providing an interface that allows
developers to customize device and host memory allocation. RMM defines a memory
resource known as a “DeviceMemoryResource” which is an object that provide a
mechanism to allocate and deallocate memory. A memory resource can be customized to
achieve different allocation/deallocation strategies that can aid in improving the

performance and achieving higher scalability. FIGURE 15 shows how the use of custom

memory management strategies can change the normal workflow of loading CSV data into

a cuDF DataFrame on the GPU.
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Figure 15. cudf.read_csv Operation workflow Diagram w/&w/o RMM.

Utilizing those strategies allows us to handle different use cases depending on the data size
required to be processed by the GPU. For instance, if the data can fit within the GPU’s
memory, then using a memory strategy that creates a large pre-allocated memory pool can
help in reducing the memory setup overhead. On the other hand, if the data cannot fit in
the GPU’s memory, using a strategy that can allocate managed memory, that is memory
shared by both host and device, can help in improving scalability by handling larger data

sizes.

5.1.3 Copy-Compute Overlap
Utilizing CUDA’s support for concurrent multi-stream execution, overlapping copy

operations with computations can improve the overall performance. By splitting the data
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into smaller chunks, where each chunk can be copied by the copy engine while the kernel
engine can start its computations independently of the copy engine. Effectively achieving
an overlap between the data coping and performing computation on those data as can be

seen conceptually in FIGURE 16.
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1
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| Streaming Multiprocessors (SMX) |

_____________________________

Figure 16. Parallel Multi-Stream Processing Concept

5.1.4 Optimized Utilization of 1/O Bandwidth

As all the data resides in the host memory, data needs to be transferred to the device
memory for any sort of manipulation of the data. This means How the data is transferred
can greatly affect the performance. There are several communication interfaces that allow
CPU-GPU communication, such as PCle and NVLink [67]. Underutilization of the
communication interface, especially for large data, will require more data transfers, leading
to a degradation in performance. Conversely, when the data size exceeds the available
communication interface bandwidth, the interface becomes a bottleneck, leading to

performance degradation [68]. FIGURE 17 gives a general idea of the effect of reading data

from memory following an underutilized vs optimally utilized I/O bandwidth.
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Overhead Transfer Overhead Transfer

\ 4

Time

Figure 17. Visualization of the I/O Bandwidth Utilization Effect on Data Transfer Time

5.2 Optimization Implementation

The Optimization Implementation section dives deeper into the technicalities of how the
different optimization approaches explored in the OPTIMIZATION APPROACH section

are implemented.

The focus of the optimizations mostly relates to loading CSV data operation, as CSV
formatted datasets are quite common. Loading a dataset is a must in the preprocessing of
any model, unlike any other data processing operation that may or may not be used. This
made optimizing cudf.read_csv() function of paramount importance in achieving superior

performance.

5.2.1 Multi-GPU cuDF

The original implementation of cuDF only utilizes a single GPU. We have modified the
cuDF library to support multi-GPU reading of CSV files and to perform some reduction
functions on a multi-GPU. The multi-GPU version of reading CSV data, called
“read_csv_mgpu” is a Breaking Change to cuDF, since it requires a Data Model Change
to cuDF. Due to this change, other cuDF functions need to be modified to accommodate
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the new structural scheme. As proof of concept and correctness, five reduction functions

were modified to handle the new data model change.

Multi-GPUs CSV Data Loading
The multi-GPU version for reading CSV files into cuDF DataFrames is called
“read csv_mgpu () ”. This function is fully integrated into the cuDF source code as

part of the cudf . 1o package as in the original implementation of the cuDF library.

The cuDF user guide API reference defines “cudf.read csv ()” function as follows:

cudf.read csv(filepath or buffer, sep=",", delimiter=None,
header="infer", names=None, index col=None, usecols=None, prefix=None,
mangle dupe cols=True, dtype=None, true values=None, false values=None,

skipinitialspace=False, skiprows=0, skipfooter=0, nrows=None,
na_ values=None, keep default na=True, na filter=True,
skip blank lines=True, parse_dates=None, dayfirst=False,
compression="infer", thousands=None, decimal=".", lineterminator="\n",
quotechar="'"", quoting=0, doublequote=True, comment=None,
delim whitespace=False, byte range=None, wuse Python file object=True,

storage options=None, bytes per thread=None)

Our developed read csv_mgpu function is defined as follows:

cudf.read csv mgpu(filepath or buffer,num devices=len(cuda.list devices
()), sep=",", delimiter=None, header="infer", names=None, index col=None,
usecols=None, prefix=None, mangle dupe cols=True, dtype=None,
true values=None, false values=None, skipinitialspace=False, skiprows=0,
skipfooter=0, nrows=None, na values=None, keep default na=True,
na filter=True, skip blank lines=True, parse dates=None, dayfirst=False,
compression="infer", thousands=None, decimal=".", lineterminator="\n",
quotechar="'"", quoting=0, doublequote=True, comment=None,
delim whitespace=False, byte range=None, wuse Python file object=True,
storage options=None, bytes per thread=None)

The function takes the same arguments as the “cudf.read csv” function with the
addition of one more argument called “num devices”. This optional argument can be
used to select the number of GPUs on the system to be used to read the CSV file. If not
specified by the user, the default value is used, which represents the number of GPUs

available in the system. It should be mentioned that the current implementation will use
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the first “num_devices” GPUs in the system, starting from GPUO following the
CUDA convention and ending with GPU“num_devices-1", to read the CSV file into
the devices. FIGURE 18 shows the flowchart that summarizes the read csv_mgpu

logical implementation.

Import multiprocessing
Import numba

A
Load CSV data into
multiple DFs on
multiple GPUs

A 4

Split the file row-wise according to
the number of GPUs

\4 \4

Thread#0 (CPU) : Thread#1l (CPU) :
Activate GPU#0 Activate GPU#1
\ 4 VL
On GPUO: On GPUl:
Load the designated Load the designated
rows from the CSV rows from the CSV
file into DFO file into DF1

v

Create a list of

DataFrame Pointers:
DFs = [DFO, DF1]

Return the
list of
pointers DFs

Figure 18. Flowchart illustrating the logical flow of the cudf.read_csv_mgpu function
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Before implementing the logic of the function we start by importing multiprocessing and
numba libraries on top of the other dependencies already used by the original
implementation of cuDF for handling CSV files. The multiprocessing library is used to
create and control threads processes to achieve parallelism [69]. Numba library allows
CUDA GPU programming directly from Python by compiling Python code into CUDA

compatible code following CUDA execution model [70].

The cudf.read csv mgpu function starts by querying the operating system about the
size of the file to be read. Based on the file size, the size of the file can be split into multiple

chunks to be read, where the number of chunks depends on the number of GPUs specified.

Based on the number of devices specified, a ThreadPool is created to control a pool of
worker threads equivalent to the number of devices. Each thread in the pool is assigned a
job to run the cudf.read csv () function with the appropriate size of data to be read
on each device. The main reason for using multiple threads in this fashion is because of
how the CUDA context is managed. Once cuDF is imported, the host process ID is linked
to the CUDA context. If we try to access the memory of another device, other than the
default device, this will lead to “an illegal memory access was encountered” error. in order
to avoid this error, we create a new thread for each device to perform the CSV read
operation. After a thread is created, a CUDA context is created using select device
function facilitated by numba library. Using threads also gives the benefit of running the
operation concurrently, where each GPU starts its sub-operations to read the file

concurrently.
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In order for each device to read a different section of a CSV file, the cudf.read_csv function
is changed to accommodate multi-GPU support. The changes include defining the id of the
device invoking the function, the number of bytes to read and the overall number of devices
used to read the file. Those changes made to the original function were coded in a manner
that would not affect the normal behavior of the function if used to abide by the original
implementation. This is made possible by setting the new optional arguments introduced
by multi-GPU support with default values that would allow skipping over all of the logic

amended to the function to support multi-GPU.

Based on the newly introduced arguments to cudf.read_csv function, if the number of
devices used to invoke the function is more than one, then the logic for multi-GPU support
is applied. Multi-GPU support starts by creating a new CUDA context with the device_id
that calls the function. Then, based on the device ID and the number of bytes the device
should read, we utilized an existing argument in the function called “byte range” to
manage data distribution among the GPUs. The “byte range” is a list that specifies the
offset at which the reading should start and the range of bytes to read. With the device_id,

the offset can be as follows:

of fset = number of bytes to read * device_id

The range of bytes to read is already provided as an argument. For the first device to start
reading, i.e. device number O, its portion of the file will contain the CSV file head. This
means the DataFrame that will be created in GPUO will have the appropriate header, while
the other DataFrames in the rest of the GPUs will not. This technicality is addressed in the

explaining how the reduction functions are implemented. After that the cudf.read csvcode
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is kept intact to perform all of the required logic to read CSV data into a cuDF DataFrame

and returns that DataFrame of type cudf.core.dataframe.DataFrame in the intended GPU.

The “read csv mgpu” function no longer returns a cuDF DataFrame as each GPU now has
its own DataFrame. However, a list of DataFrames is returned, where the index of the
DataFrame represents the device associated with it. This means any function amended to

utilize this new data model can use the index of the DataFrame as a device id.

Multi-GPUs Reduction Functions

The multi-GPU versions of reduction functions, in the same manner as
cudf.read csv_mgpu (), are fully integrated into cuDF source code as part of the
cudf package. Given that reading a CSV file over multiple GPUs results on a cuDF
DataFrame within each GPU, the mechanism to perform any other operation in cuDF needs
to be modified. This is to account for the data type change of the returned object of
cudf.read csv _mgpu and to access those DataFrames properly. Five reduction functions
were created to work on the multi-GPU version: cudf.max mgpu(),
cudf.min mgpu(), cudf.mean mgpu(), cudf.sum mgpu (), and
cudf.count mgpu (). The adapted reduction functions are defined as follows:
cudf.max_mgpu (DFs, col)

cudf.min_mgpu (DFs, col)

cudf .mean_mgpu (DFs, col)

cudf.sum mgpu (DFs, col)

cudf.count mgpu (DFs, col)

cudf.max mgpu () function is taken as a representative example to explain how

reduction functions are designed, with minor differences between them that will be pointed
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out. FIGURE 19 shows the flowchart that summarizes the cudf.max mgpu function

logical implementation.
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Figure 19. Flowchart illustrating the logical flow of the cudf.max_mgpu function
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The functions take a list of cuDF DataFrames as the first argument and the name of the
series for the function to be applied on. The last argument is optional; if not specified, the

reduction function is applied to all DataFrames in the list.

Similar to the approach followed in cudf.read csv mgpu,aThreadPool is created
to control a pool of worker threads equivalent to the number of DataFrames in the list
returned after reading on multi-GPUs. The benefit of threading here is twofold:
concurrency and creating new threads that can link to the CUDA context on other GPUs to
access their memories and process their DataFrame without causing an “an illegal

memory access was encountered” error.

The created threads work on a helper function called “max mgpu helper” that
concurrently performs the reduction function on each DataFrame. A new CUDA context
is created, and a GPU is selected, based on the index of the DataFrame in the list. Once the
CUDA context is created, the DataFrame can be accessed. From the first DataFrame in the
list, which is the only DataFrame with the proper header information, the header is
translated into the column index for the remaining DataFrames to use. Based on the column
index, the DataFrames can select the correct series to perform the reduction. As for the
reduction function itself, the function, for example max, calls cudf.Series.max
function which is the original implementation of the max function in cuDF. Once each
DataFrame is done processing the reduction function, the result is appended to a global list
accessible by all threads. After that, the reduction function is applied on the global list to

return the final result.
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cudf.mean mgpu () function differs slightly from the rest of the function as the mean
is calculated differently to ensure correctness. The sum of each DataFrame is appended to
a global list along with the number of rows with valid values that participated in that sum,
which are appended to another global list. The returned result is the sum of the partial sums

of each DataFrame divided by the sum of the valid rows of each DataFrame.

Reduction functions provide the user with the ability to benefit from their intended
functionality as well as act as proof of the correctness of the read csv _mgpu
implementation. If there is any duplication during the data distribution or improper
alignment of the data while loading the data, the results of those reduction functions would
be incorrect. As a point of reference for the results of those reduction functions, the same
files were read into a Pandas DataFrame, and the reduction operations were applied. The
results from Pandas and the multi-GPU versions of the functions were exactly the same,

proofing the correctness of the implementation of the reduction functions.

5.2.2 Dynamic Memory Management Strategy

Utilizing different memory resources available in RMM can change the behavior of device
memory allocation/deallocation. Depending on the size of the data required to be loaded
into cuDF, different memory strategies are used in a dynamic manner. This dynamic
selection of the memory allocation strategy relieves the user from finding the best memory
allocation strategy that can streamline the CSV data loading process or a strategy that can

mitigate the GPU memory constraints.
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One of the custom memory resources providled by RMM is called
“PoolMemoryResource”, which allocates a large, coalesced pool of memory.
Coalesced memory access is known to reduce the number of memory transactions required
[71]. This large pool of memory can then be used for subsequent allocations, reducing the
overhead of multiple allocations that would be needed if this allocation strategy is not used.
Compound utilization of a large allocation and coalesced memory access reduces the
overhead of memory access and leads to improved performance in loading a CSV into

cuDF.

Another memory strategy is called “ManagedMemoryResource”, which gives another
sort of advantage that cannot be achieved with other memory resources offered by RMM.
This resource uses the CUDA directive “cudaMallocManaged” to allocate memory
shared by both CPU and GPU. Although this memory strategy might be slower, however,
it gives the ability to expand the memory capacity beyond what the device memory can
handle, allowing handling larger data that would cause a

“cudaErrorMemoryAllocation out of memory” error.

If the raw data size on disk is known to cause an “cudaErrorMemoryAllocation
out of memory”, which after some experiments showed that the file must be around
31% of the free GPU memory size, then the “ManagedMemoryResource” strategy is
used to allocate the memory to load the CSV file. Otherwise, the data size can be read into
a cuDF DataFrame, then a “PoolMemoryResource” strategy is used to allocate the

memory pool before reading the CSV file.
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5.2.3 Utilizing Multiple CUDA Streams
At the core of cudf.read_csv() function, there are three CUDA kernels that run on the GPU
to carry out the required operations to read a CSV into cuDF DataFrame, found in the

“csv_gpu.cu” file in the source code of cuDF. The kernels are as follows:

- cudf::io0::csv::gpu::convert csv_to cudf

= This kernel is designed to validate file fields, parse the rows into fields in order
to convert them into cuDF DataFrame column data, and ultimately convert raw
CSV data into cuDF format.

= [t utilizes GPU parallelism to process multiple fields simultaneously, where
each thread in the grid handles one record/row at a time.

- cudf::io::csv::gpu::data type detection

= This kernel is primarily designed to parse raw CSV data to infer the datatype of
each field in order to assign a datatype to a cuDF DataFrame column.

= [t utilizes GPU parallelism to process multiple fields simultaneously, where
each thread in the grid handles one record/row at a time.

- cudf::io::csv::gpu::gather row offsets gpu

= This kernel takes the raw CSV file characters in 16KB chunks (called a block),

then it figures out the number of rows within a block and the total number of

rows in all of the blocks. After that, the location of each row in a block is
calculated.

NVIDIA Nsight Systems profiler gives a report called “cuda gpu kern sum”, which

summarizes the CUDA kernels running on the GPU and their execution times. Utilizing
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this stats report obtained by profiling cudf.read_csv() of different file sizes, the first kernel,
“convert csv_to cudf”,accounts for 43.23% of the GPU kernel execution time on
average. The “data type detection” kernel accounts for 38.75% of the GPU
kernel execution time on average. This means that, on average, those two kernels account
for 81.98% on average of the time taken by the GPU to perform the cudf.read_csv()

operation.

In the original implementation of cuDF, those kernels are executed in a single stream,
which is the default stream. We have modified the source code of “csv_gpu.cu” file to
utilize multiple streams in order to improve the performance of those two kernels. This
performance improvement is achieved by allowing multiple streams to run independently
of each other, introducing an overlap in the execution of the streams, and reducing the

overall kernel execution time.

To convert the kernels to run on multiple streams, we first start by changing the kernel
launch setup. In the kernel launch setup, we start by defining the number of streams to be
used. After performing some experimentations on multiple numbers of streams (1, 2, 3, 4,
16, and 32), the optimal performance gain is found to be in using three streams. Then, those
streams are created. Based on the number of streams, the CSV file was divided into
multiple chunks for each stream to launch the kernel on its intended chunk. The CSV data
is represented in span, which gives a lightweight C++ view of the data in memory. The
span is divided based on the stream index to point only to the allotted chuck of data the

stream should process.
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After taking care of the kernel launch setup and ensuring that each stream will launch a
kernel on the appropriate chunk of data, the kernel itself is modified to keep a global
understanding of the CSV file and the DataFrame it is processing. To achieve this global
view, the parameters of the kernels are changed to include the steam index. Based on the
stream index and the chunk size, loop tiling technique is followed to improve the locality
of reference of each thread in the grid. Processing the data in tiles increases the chances of
threads within the thread blocks accessing data available in the cache, reducing cache miss
penalties. The ID of the records used to process the CSV data is changed to reflect the

global ID of the entry in the full CSV file.

After performing the aforementioned changes to the kernels and functions launching the
kernels, we can visually see the change on the launched kernels by profiling the

cudf.read csv after the code modifications. The shows the two target kernels are now

executing on multiple CUDA streams as see in FIGURE 20 (size of file read is 9.81GB).
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Figure 20. NVIDIA Nsight Systems Profiling showing Multi-Stream Execution of GPU Kernels

The correctness of this optimization was confirmed by ensuring that the new
implementation produces the same DataFrame as the original implementation. To do so, a

CSV file is read with/without the optimization, then those DataFrames are converted back
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to CSV using cudf.to_csv(). The newly created CSV files are read into two Pandas
DataFrames, then using “pandas.DataFrame.equals” function we were able to
confirm that all of the elements in the CSV files are the same. We used Pandas DataFrame
to perform the last check to make sure that the changes we made to the source code of
cuDF did not make any other undesired changes that might have changed the functionality

of cuDF without noticing.

5.2.4 Processing Large Chunks of Data

cudf.read csv () function utilizes a cuDF-IO CSV reader implementation defined in
“reader impl.cu” file in cuDF source code. This file defines a function called
”“load data and gather row offsets”. This function defines a statically set
constant variable called “max chunk bytes” settohandle 64MB chunks of data. This
variable is used to set the buffer size used to create a “device uvector” which is
responsible  for allocating device memory for a specific stream. The
“max_ chunk bytes” variable is also used to keep track of the section of the CSV
data to be processed to load into a cuDF DataFrame. Using such a small chunk size of
64MB will require a huge number of chunks to be created and processed, with each chunk
created requiring increasing the “device uvector” to allocate more memory on the
device until the file is copied into the device memory to be further processed to produce

the DataFrame.

It is expected when dealing with GPU-assisted data processing that the file sizes are
sufficiently large to benefit from the massive parallelism offered by GPUs. With large file

sizes, the number of chunks will grow quite high. The overhead associated with preparing
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each chunk, from memory allocation expansions to data transfer of relatively small data

sizes, will cause degradation in the performance.

This led us to try and find an optimal chunk size that would streamline the process of
reading the loading the data into the device memory without causing any other bottlenecks.
The source code already safeguards against creating a buffer size that exceeds the size of
the data. It also ensures that the chunks to be read do not exceed the size of the data. After

testing multiple sizes of chunks (64MB, 128MB, 256MB, 512MB, 1GB, 1.5GB, and

~2GB), the improvements saturated at 1GB chunk size as can be seen in FIGURE 21. So,

“max chunk bytes” was set to represent a chunk size of 1GB as the optimal chunk
size of data to be used to load CSV data into a cuDF DataFrame. The change made to the
chunk size was tested on a low-end commodity, “NVIDIA GeForce GTX 1650 Ti Mobile
4GB Memory” GPU, and it did not cause any errors. This ensures that this optimization is

safe to be generalized across the CUDA-enabled GPU lineup.

2cB [ — 2.52
1.56B [ —— 2.52
1ce | 2.51
512ve [ — 2.55

Chunk Size

256MB | —— .63
12sve [ .84

64MB 3.22
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Execution Time (sec)

Figure 21. Execution Time of cudf.read_csv with Multiple Chunk Sizes (Tested on ~6GB file)
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CHAPTER 6

RESULTS AND DISCUSSION

This section presents the results obtained before and after applying the optimizations

discussed in OPTIMIZATION IMPLEMENTATION. The convention followed in the legend of

the presented figures shows the library being tested followed by the optimization employed

[Library-Name Optimization-Employed].The DISCUSSION part in this section

sheds light on “how” and “why” the implemented optimizations work and their effect on

the obtained results.

6.1 Results

6.1.1 Baseline Evaluation

FIGURE 22 shows the execution time of running the Python scripts performing read csv
& max operations using different file sizes on the DataFrames without making any changes
to the source code of cuDF, except for the red curve which used the multi-GPU version of
cuDF. This figure establishes the baseline that can be used to track the effect of the
optimizations. The effect can be seen on the speed of executing the operations using the

different libraries, and on the size of the dataset each library can handle.
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6.1.2 RMM Evaluation
FIGURE 23 shows the execution time of running the Python scripts performing read csv

& max operations using different file sizes on the DataFrames when the dynamic memory

|—G—cud1_BaseIine - X -cudf_mgpu_Plain

Figure 22. Execution Time of Read CSV & Max (Baseline)

management strategy is employed.
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Figure 23. Execution Time of Read CSV & Max (RMM)
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Figure 24. cudf_ RMM GPU memory consumption overhead (manual setting of pool size) against memory consumed
by cuDF without RMM.

FIGURE 24 shows the overhead of utilizing RMM customized memory allocation strategies

on GPU memory utilization after reading each file size against plain cuDF. This figure tests
the GPU memory consumption by manually setting the pool size based on the optimal pool
size for memory consumption. The readings stop at the 9.81GB file since the original

implementation of cuDF could not read of file of this size.

6.1.3 SMs Evaluation
FIGURE 25 shows the execution time of running the Python scripts performing read csv
& max operations using different file sizes on the DataFrames when multiple CUDA

streams optimization is employed.
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Figure 25. Execution Time of Read CSV & Max (SM)

6.1.4 Optimal Chunk Size Evaluation
FIGURE 26 shows the execution time of running the Python scripts performing read csv
& max operations using different file sizes on the DataFrames when optimal chunk size

optimization is employed.
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6.1.5 RMM & SMs Evaluation
FIGURE 27 shows the execution time of running the Python scripts performing read csv

& max operations using different file sizes on the DataFrames when dynamic memory

management strategy and multiple CUDA streams optimizations are employed together.
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Figure 27. Execution Time of Read CSV & Max (RMM & SMs)

6.1.6 RMM & Optimal Chunk Size Evaluation
FIGURE 28 shows the execution time of running the Python scripts performing read csv
& max operations using different file sizes on the DataFrames when dynamic memory

management strategy and optimal chunk size optimizations are employed.
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Figure 28. Execution Time of Read CSV & Max (RMM & 1GB_Chunk)

6.1.7 SMs & Optimal Chunk Size Evaluation

FIGURE 29 shows the execution time of running the Python scripts performing read csv

& max operations using different file sizes on the DataFrames when multiple CUDA

streams and optimal chunk size optimizations are employed.
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Figure 29. Execution Time of Read CSV & Max (SM & 1GB_Chunk)
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6.1.8 RMM & SMs & Optimal Chunk Size Evaluation
FIGURE 30 shows the execution time of running the Python scripts performing read csv

max operations using different file sizes on the DataFrames when all of the

optimizations, dynamic memory management strategy, multiple CUDA streams , and

&
optimal chunk size are employed.
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Figure 30. Execution Time of Read CSV & Max (RMM & SM & 1GB_Chunk)

6.1.9 RMM & SMs & Optimal Chunk Size Vs. Baseline Evaluation
FIGURE 31 shows the execution time of running the Python scripts performing read csv

& max operations using different file sizes on the DataFrames. The figure compares the

performance of the baseline plain cuDF against a version of cuDF that employs a managed
memory strategy, only on large files that are not read by cuDF represented by the blue

curve, against a version of cuDF with all of the optimizations employed on a single-GPU

version and the multi-GPU version of cuDF.
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Figure 32. Speedup of Read CSV & Max Against Pandas

FIGURE 32 shows the speedup gains in executing the Python scripts against Pandas. This

figure compares GPU-accelerated DataFrames against Pandas DataFrame, which runs on
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the CPU. Because large files cannot be read by the original implementation of cuDF,
Pandas DataFrame was selected as the baseline in this figure. When the original
implementation of cuDF causes an out-of-memory error, managed memory alone is used

with plain cuDF to indicate the optimization effect on larger files.

FIGURE 33 shows the speedup gain for each scenario, considering the multi-GPU version

only, in the results section against the original implementation of cuDF.
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Figure 33. Execution Time Speedup Visualization of the different optimizations Against Plain cuDF

In order to have a bigger picture of the impact those optimizations have on larger files,

FIGURE 34 shows the speedup gains of optimized versions of multi-GPU cuDF with RMM

against Pandas.
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Figure 34. Execution Time Speedup Visualization of the different optimizations Against Pandas

FIGURE 35 shows the load capacity gain in file sizes by the optimized version of cuDF

running on a single GPU in dark green and on multi-GPUs shown in red. The gains are in

comparison with the original implementation of cuDF.
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Figure 35. Load Capacity Gain in Readable File Sizes over Original cuDF

6.1.10 Deep Learning Model Data Preprocessing
TABLE 3 shows the speedup in data preprocessing operations used for the model training.
The speedup is measured against the original implementation of cuDF. The size of the data

used to obtain those numbers is based on the largest file size plain cuDF was able to handle.

Table 3. Optimized cuDF Data Preprocessing Operations Speedup (tested on 3.39GB file)

Optimized vs Original cuDF . .
. . . . Operation Execution
Operation Operation Execution Time . .
Time Ratio
Speedup

cudf.to_datetime 72.47% 8.95%
cudf.set_index 104.20% 0.55%
cudf.resample('D').mean().bfill() 8.33% 90.50%
Overall Preprocessing Speedup 14.60% 100%
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Figure 36. Data Preprocessing Speedup Against Pandas DataFrame.

FIGURE 36 Shows the speedup in performing the data preprocessing operation to be fed to
the model. The speedup is measured against performing the same operations using Pandas
DataFrame. Because the original implementation of cuDF failed to go beyond the 3.39GB
dataset size, Pandas is used as a baseline to measure the speedup. When cuDF fails to read,
managed memory (shown in blue) is used with plain cuDF to give an idea of the effect of

the rest of the optimizations.

In FIGURE 37, we can see the dataset size that can be handled by the original implementation

of cuDF vs. the optimized version of cuDF. The capacity is calculated to emulate a realistic
scenario, where a deep learning model is to be trained on the MeteoNet Dataset. Based on
the preprocessing operations in the model, the capacity is calculated based on the largest

file that allows the model to complete its training.

67



m Original cuDF  m Optimized cuDF

Figure 37. Dataset Size Capacity for Deployed Deep Learning Model Data Preprocessing.

6.2 Discussion

This section discusses the impact of the results obtained on the Execution Time (E.T.),
GPU memory consumption, deep learning model data preprocessing, and the profiling

results of the experiments.

6.2.1 Execution Time Analysis
The E.T. analysis is performed on the single-GPU and multi-GPU optimized versions of

cuDF.
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Single-GPU Analysis
Starting with the single-GPU optimized version of cuDF versus the original
implementation of cuDF, TABLE 4 shows the obtained speedups. The table shows the effect

of each optimization on the execution of the Python script. The speedups are measured on

the file sizes plain cuDF could handle.

Table 4. Speedup in Execution time against Original cuDF (Single GPU)
File Size
3.39GB 5.93GB
cuDF Version

cudf_RMM 1.05x 1.14x
cudf_SM 1.00x 0.98x
cudf_1GB_Chunk 1.06x 1.17x
cudf_ RMM_SM 1.04x 1.12x
cudf_RMM_1GB_Chunk 1.07x 1.17x
cudf_SM_1GB_Chunk 1.05x 1.14x
cudf_RMM_SM_Chunk 1.04x 1.13x

Utilizing RMM yields a speedup of 5-14%, whereas increasing the chunk size to 1GB
results in a 6-17% speedup. The version that executes over multiple CUDA streams gave
a slightly worse performance than the baseline, however, as will be seen in the following
table, as the file size increases, the SM version starts to contribute to a positive speedup in
execution. The noticed trend is that as the file size increases, the divergence between the
baseline and the optimized versions increases. The best speedup obtained is when utilizing

RMM and a 1GB chunk size, which results in a 17% speedup.

Pandas is used as another frame of reference to measure the speedup in files that cannot be

read using the original cuDF implementation. TABLE 5 shows the obtained speedups of the

optimized version vs. Pandas. A speedup of 0 indicates that the file cannot be read.
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Table 5. Speedup in Execution time against Pandas (Single-GPU)

File Size
3.39GB 5.93GB 9.81GB

cuDF Version

cudf_Baseline 9.31x 12.17x 0.00
cudf_RMM 9.82x 13.86x 6.32x
cudf_SM 9.31x 11.88x 0.00
cudf_1GB_Chunk 9.85x 14.25x 0.00
cudf_RMM_SM 9.64x 13.64x 6.99x
cudf_RMM_1GB_Chunk 9.97x 14.25x 6.52x
cudf_SM_1GB_Chunk 9.82x 13.82x 0.00
cudf_RMM_SM_Chunk 9.70x 13.79x% 7.35x

On the largest file size, a single-GPU-optimized version can read (9.81GB file), SMs give
a speedup of ~11-13% when compared with the version that does not use multi-streams
versions. Overall, it is noticed that the multi-streams versions perform the best when the

file sizes are the largest that can be handed, and a managed memory scheme is used.

Multi-GPU Analysis

As for the multi-GPU supported version of cuDF against the original cuDF version, as seen

in the results section in FIGURE 22, loading CSV data using the read csv_mgpu ()

function does not yield any execution time improvements when compared to the original
cuDF implementation on the file sizes it can handle. This in itself can be interpreted as a
good indicator, as it signifies that the incurred data distribution overhead is relatively
countered by the load-balanced execution over multiple GPUs. However, applying the
optimizations one by one, we can see improvements in the execution time, especially as

the file sizes grow. As seen in FIGURE 31, the divergence starts to become clear beyond the

3.39GB file size, where the optimized versions (on single-GPU and multi-GPU) execute

their scrips faster.
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FIGURE 33 and FIGURE 34 can give us a general idea about the effect of each optimization

and how it impacts the performance. We can see that as the file size increases, the speedup
also keeps increasing. The test cases are limited to file sizes that can be handled by cuDF

on the setup used in the experiments without causing an out-of-memory error.

Table 6. Speedup in Execution time against Original cuDF (Multi-GPU)
File Size
3.39GB 5.93GB

cuDF Version
cudf_mgpu_RMM 1.11x 1.24x
cudf_mgpu_SM 1.00x 1.01x
cudf_mgpu_1GB_ Chunk 1.12x 1.34x
cudf_mgpu_RMM_SM 1.12x 1.29x
cudf_mgpu_RMM_1GB_Chunk 1.10x 1.33x
cudf_mgpu_SM_ 1GB_Chunk 1.13x 1.33x
cudf_mgpu_RMM_SM_Chunk 1.11x 1.26x

From TABLE 6, we can see that speedup gains for each optimization against cuDF. The

RMM optimization yields 11-24% speedup, while the 1GB chunk size yields 12-34%
speedup, depending on the file size. The muti-streamed version yields the lowest speedup
of ~1X, meaning no degradation in performance in the case of the 3.39GB file. As the file
sizes increase, multiple streams version of cuDF slowly starts to perform better,
contributing to ~3.5% improvement in the execution time. The best-case scenario for the
execution time speedup for relatively small files is obtained when utilizing multi-GPU with
RMM and 1GB chunk size, where the speedup against plain cuDF is 1.33X. Although this
speedup is not obtained by the version that implements all of the optimizations, the fully
optimized version makes up for it when handling the largest file this version can handle as

can be seen next.
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Given reading files beyond ~6GB in cuDF using the extermination setup fails, the speedup

for all dataset file sizes is tested against panadas, as shown in TABLE 7. A speedup of 0

indicates that the file cannot be read.

Table 7. Speedup in Execution time against Pandas (Multi-GPU)
File Size
3.39GB 5.93GB 9.81GB 18GB

cuDF Version
cudf_Baseline 9.31x 12.17x 0.00x 0.00x
cudf_mgpu_RMM 10.32x 15.08x 16.67x 5.82x
cudf_mgpu_SM 9.28x 12.24x 10.23x 0.00x
cudf_mgpu_1GB_Chunk 10.39x 16.35x 19.15x 0.00x
cudf_mgpu_RMM_ SM 10.45x 15.71x 17.06x 5.88x
cudf_mgpu_RMM_
1GB_Chunk 10.25x 16.17x 18.53x 8.17x
cudf_mgpu_SM_1GB_Chunk 10.52x 16.17x 17.99x 0.00x
cudf_mgpu_RMM _
SM_Chunk 10.32x 15.35x 19.03x 8.46x

The overall best-case scenario for the execution time speedup is when a file cannot fit in a
cuDF DataFrame without utilizing managed memory versus a multi-GPU version, where
each chunk of the file can fit in the memory of its respective GPU. In such cases, as we can

see in FIGURE 31, the speedup of the multi-GPU optimized cuDF can reach over 3.01X

when compared to a cuDF version that only utilizes a managed memory scheme.

When comparing the multi-GPU optimized version with the single-GPU optimized version
on the largest file size a GPU can handle (i.e. 9.81GB), we get a speedup in the execution
time of 2.59X. This represents the best-case scenario in comparing multi-GPU vs single-
GPU versions because the single-GPU version would be utilizing managed memory to
handle the file, which makes it slower, while the multi-GPU version is utilizing memory

pooling, which makes cuDF faster, especially with large files.
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It is also noticed from the results that Dask and cuDF Pandas DataFrames stand to benefit
from the implemented optimizations as they use cuDF as a backbone while performing the
read_csv operation. Those improvements can reduce the execution time of the Python
scripts by a factor reaching 16.5% in the case of Dask against its baseline. cuDF Pandas
DataFrame can reduce its execution time by 87% in the best-case scenario compared with
its baseline. It must be said that this case occurs when RMM is employed, where the

baseline version falls back to CPU execution due to out-of-memory error with cuDF.

Dask_cuDF DataFrame dominates all other GPU DataFrames tested when it comes to large
files, i.e. larger than 9.81GB. This is because Dask performs the operation partitions, i.e.
chunks, making its operation execute much faster. However, this impressive performance
comes at a cost. As stated, dask cudf.read csv () islazy, the datais only transferred
to the GPU when it is needed, and then the data is ejected from the GPU’s memory. Calling
the same operation, e.g. max, will incur the same cost every time it is called. This makes it
inconvenient during data exploration, as the data exploration process can require many
operations that need the data to be transferred, and the cost of transfers will accumulate
over many operations. There is an option in Dask_cuDF that forces the data to persist in
memory. However, even when utilizing the persisting data, an out-of-memory error is
encountered on the 18GB file, while the multi-GPU optimized version cuDF was able to

handle this file size.

6.2.2 Memory Capacity Analysis
The multi-GPU supported version of cuDF, excluding all other optimizations as seen in

FIGURE 22 shows higher support for handling larger data sizes, given the added memory
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utilized on the second GPU. The memory utilization improvements are extended much
further when utilizing a managed memory scheme allowing for larger files to be read.
Those improvements in load capacity gains can be extended in the single-GPU version of
the optimized cuDF and on the multi-GPU version. The load capacity gain as seen in

FIGURE 35 shows that the single-GPU optimized version can allow the user to read files

that are 1.65x larger than plain cuDF could read. The gain in multi-GPU cuDF reached

more than 3x in comparison to plain cuDF.

Improvements in memory utilization are of paramount importance given that cuDF is quite
memory-demanding. The fact that cuDF is memory demanding on top of GPU memory is
the main constraint to GPU-centric tasks, making this improvement all the more important.
For instance, cuDF DataFrame memory footprint, when reading a CSV file of size 5.93GB,
produces a DataFrame that requires around 8.6GB of GPU memory. Whereas reading the
same file on a Pandas DataFrame required less than 7.7GB of CPU memory. This means
the cuDF requires an extra ~12% of memory to read the same file into a cuDF DataFrame.
Add to it, cuDF does not support inplace operations as Pandas does. Although cuDF
documentation might show the argument to enable inplace execution, asserting
inplace argument in some operations leads to
“NotImplementedError (" inplace” not currently implemented.")”
error. This rapid memory consumption can be attributed to the architecture and design

goals on which cuDF is built and designed. cuDF prioritizes acceleration, i.e. faster

execution of operations, over memory efficiency.
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RMM memory strategies, although effective in different ways depending on the memory
allocation strategy, come at a cost. The cost can be in terms of memory consumption when
using memory pooling or in execution time when using managed memory. With memory
pooling, we gain the benefit of faster loading of data. However, a large portion of memory

is allocated for the process initiating the memory pool. FIGURE 24 shows the impact of

utilizing RMM memory pooling. It must be stated that the figure shows the best-case
scenario, where the memory pool bounds are tightly configured. The reason why the largest
file size shows 0% overhead is because cuDF runs out of memory, in which case, there is
no comparison to be made with cuDF's default memory management strategy. For
generalization purposes and to suit the largest number of scenarios, the memory pool size
is set to the default settings where the initial size of the pool is set to half the available GPU

memory, and the maximum pool size is set to use the total available memory.

6.2.3 Deep Learning Model Data Preprocessing Analysis

The main purpose of the model is to evaluate the performance of cuDF when handling deep
learning models and to assess the robustness of the optimizations in facilitating the model
handling larger datasets. As can be seen in TABLE 3, cuDF operations that are used in the
data preprocessing of the model have gained a decent speedup. The CSV data loading
operation is not shown in this table since it has been examined extensively. Scaling the
speedup based on the execution time ratio of each operation, the data preprocessing portion
is faster by a factor of 14.6%. This speedup is solely attributed to the memory management

scheme as will be discussed in the profiling analysis section. FIGURE 36 shows the speedup

gains of the full data preprocessing procedure, including data loading.
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Based on the data preprocessing operations used by a certain model, the data size that can
be processed may differ depending on the operation. For instance, in our test case, the
preprocessing routine performs some operations that do not require the creation of a new
DataFrame, such as to datetime() & set index() operations. However,
resampling the data causes an out-of-memory error if the dataset used is close to the limit
of what cuDF can utilize of the GPU memory, which is, as stated previously ~31% of the
GPU memory. Such operations are not done in-place, which means they might require
intermediate data to handle the operation. The accumulation of the intermediate data
consumes the remaining memory and causes an out-of-memory error. This approach by

cuDF limits the size of the data that can be handled during preprocessing. FIGURE 37 shows

that the optimized version of cuDF can handle much larger datasets going through the same
preprocessing routine. This is because of the utilization of managed memory, allowing
cuDF to spill data to host memory if it exceeds the GPU capacity. This gives the user the

ability to handle a workload nearly 2.9x larger than the original implementation of cuDF.

6.2.4 Profiling Analysis
Profiling a Python script that performs a read_csv function of a 5.93GB file gives us the

following figure,
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Figure 38. CUDA API Function Calls plain cuDF vs Optimized multi-GPU cuDF
Those CUDA API functions account for over 90% of the execution time of CUDA API
functions that were executed during the profiling. those functions take ~50% less time to
execute on the multi-GPU version. “cudaMemcpyAsync” accounts for 70% of the
CUDA API execution time on the original cuDF implementation. In contrast, it accounts
for 43% only on the multi-GPU version. This function is called for copying data between

host and device memories.

The four functions are shown to account for ~85% of the execution time of the script
reading a CSV file. This indicates that data transfer between host and device significantly
impacts the execution of loading a CSV file. The multi-GPU version stands to better utilize
the communication channel between the host and GPUs, contributing to the ~20%

reduction in execution time.

As for changing the “max chunk bytes”, the profiler shows that this changing this

variable reduces the “gather row offsets gpu” kemel instances launched to
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gather the necessary information about the rows and their offsets for further processing.
Although the number of launches of this kernel is reduced by 92%, yet the kernel execution
time differs in less than 3 microseconds only. However, the number of instances of this
kernel launches is indicative of the number of buffers created to allocate memory on GPU

and the number of data transfers between host and device, which are reduced as well.

Regarding the speedup noticed on other cuDF operations that were not explicitly
optimized, as seen in the deep learning model sub-section of the results, this speedup is a
byproduct of utilizing memory pooling. Profiling the data preprocessing Python script
reveals that the optimized cuDF version executes GPU memory operations much faster as
memory allocation operations are already completed. The memory operations in the
optimized cuDF version are executed 22% faster, resulting in an improved overall

performance.
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CHAPTER 7

CONCLUSION AND FUTURE WORK

7.1 Conclusion

This thesis introduces several novel contributions and optimizations to cuDF to improve
its performance and scalability. Starting by focusing on optimizing the inner workings of
cuDF in terms of memory management, the adaptation of concurrent multiple CUDA
stream execution of kernels used to load CSV data into a cuDF DataFrame, and the use of
an optimal chunk size for optimal I/O bandwidth utilization. Those optimizations are then
extended by changing the single-GPU workflow of cuDF to a novel system-wide multi-
GPU execution workflow, allowing optimal utilization of multi-GPU systems resources.
the scalability of this novel version of cuDF improves its scalability on two levels, on the
“component level” where cuDF on a single GPU can handle larger datasets. The second
level is on the “horizontal level”, where cuDF utilizes available CUDA -enables devices to

distribute the workload.

Those optimizations resulted in an improved data loading capacity by a factor of 1.65X on
a single-GPU version compared with the original cuDF implementation and by a factor of
3.09X on the multi-GPU version on the setup used in this thesis. The optimizations have
also resulted in improved execution time performance, where the optimized multi-GPU
version of cuDF is faster than the original cuDF by 1.26X. This factor is limited by the data
sizes the original cuDF implementation could handle. Comparing the single-GPU

optimized version with the multi-GPU version on the largest file size the single-GPU
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version could handle gives us a speedup factor of 2.59X in the best-case scenario. Yet, the
multi-GPU version could still handle a file double the size of the maximum file the

optimized single-GPU version could handle.

Testing the optimized version of cuDF on a weather forecasting deep learning model as a
use-case resulted in an improved performance in execution time of data preprocessing
operation by a factor of 1.14X in comparison with the original cuDF in a single-GPU
environment. It also allowed the optimized version to handle a 2.9X larger dataset

compared to the original version.

The performance and scalability of the optimized versions proved to allow for
democratized GPU acceleration for deep learning model development on commonly
available hardware. Where in certain cases, the optimized versions would allow its users

to accomplish tasks that would require a more advanced setup to perform the same tasks.

7.2 Future Work

Going through the source code and the inner workings of cuDF to apply the optimization
helped identify possible areas of optimization that would further improve the performance
of cuDF. This section describes those areas of optimization that can be addressed in future

work.

7.2.1 Multi—GPU Data Distribution
Data distribution over multiple GPUs is implemented by relying on the cudf.read_csv()
function arguments to define the byte range a GPU should read. This makes the process

easier, as the inner workings of cuDF handle CSV file parsing, which utilizes “libcudf”,
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the core C++ library powering cuDF. Using “byte range” takes care of aligning the data
within cuDF DataFrame. Thus, each GPU gets the final row in its range fully. However, as

we can see in FIGURE 39, distributing the data manually between the GPUs can lead to a

37% reduction in the execution time of the Python script.

Optimzed Multi-GPU 15.90
(Manually Distributed Data) ’

0 5 10 15 20 25 30

Execution Time (sec)

Figure 39. Execution Time of Optimized Multi-GPU cuDF w/o Manually Distributed Data (tested on 18.3GB file)

We have tested distributing the files using “skiprows” & “skipfooter” arguments
in the cudf.read csv () function. However, the performance was much worse than
using “byte range” as the logic that relies on those parameters to split the file reads
the full file for each GPU and then returns the specified portion of the file into the

DataFrame.

Implementing a mechanism that correctly distributes the files more efficiently between
GPUs has shown to have good potential in improving the performance of the optimized

multi-GPU cuDF quite drastically when handling large files.

81



7.2.2 Dynamic Chunk Size

Identifying the underlying factors that determine the optimal chunk size used to transfer
CSV data from the host can help in the dynamic selection of optimal chunk size based on
the hardware capabilities of a system. As seen in the discussion, chunk size can reduce the
overhead associated with many operations depending on how many chunks are needed to

process a CSV file.

7.2.3 cuDF Memory Consumption

Improving how cuDF handles memory allocation, as we have seen, if the raw file size is
over ~31% of the available GPU memory, cuDF would not be able to read the data and it
would return “cudaErrorMemoryAllocation out of memory”. Possible areas of
investigation include altering memory allocation implementation. Another area to look into
is minimizing intermediate allocations by supporting splitting files into chunks to minimize

the effect of those intermediate allocations similar to Pandas.

7.2.4 Application Adaptation

The cuML library already implements Principal Component Analysis (PCA) and K-
Nearest Neighbor (KNN) algorithms to work with cuDF. However, given the new data
structure returned by the multi-GPU version of cuDF, those algorithms need to be modified
to accommodate those changes. This integration would enable these algorithms to scale
efficiently across multiple GPUs, leveraging the distributed memory and computational
capabilities to handle larger datasets. PCA could benefit from faster dimensionality
reduction on high-dimensional data, while KNN could achieve improved neighbor search
performance for massive datasets, making these methods more practical for large-scale

machine learning workflows.
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