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ABSTRACT

A long-standing goal, which is increasingly important in the post-Moore era, is to
augment system performance by building more intelligent compilers. One of our
motivating hypotheses is that much of the capability needed to advance compiler
optimization is already present: state-of-the-art compilers not only provide a large
set of code transformations, but also (by-and-large) correctly apply them to preserve
the semantics, syntax, and functionality of the code. The challenge lies in getting the
compiler to select an appropriate sequence and number of these transformations so
as to generate the highest possible performance code based on the developer goals,
such as size, speed, or energy.

In this thesis, novel approaches towards automatically generating performant code
are developed. In particular we showcase the use of deep learning in building a
next generation “smart" compilation pipeline. Deep Learning can fathom complex
relationships between code and compilation heuristics, hence providing an excellent
tool for optimization tasks. First, we use it to predict a minimum set of optimization

options that increase performance on a per-application basis. This is especially useful

vil



for frequently used applications and kernels. For these, developers are willing to spend
hours to obtain a few percent performance improvement. Manually developing such
heuristics is nearly impossible given the complexity and vastness of the optimization
space. This led to two research thrusts. The first is optimizing how transformations
and heuristics within a CPU compiler, such as GCC and LLVM, are applied. We
note that doing so has the potential to benefit not only code targeting CPUs, but
also code which targets hardware, e.g., FPGAs. This is because of the proliferation
of High Level Synthesis (HLS), i.e., the use of languages, tools, and techniques that
facilitate conversion of a CPU program into a custom hardware design. An efficient
and performant CPU code and its underlying intermediate representation is likely
to be well suited for translation to a Hardware Description Language (HDL) that
programs an FPGA. The second research thrust is automating the pre-processing of
the application code, e.g., through the application of directives or pragmas targeting
different compilers (GCC, Vitis HLS, Intel HLS) and architectures (CPU and FPGA).

A limitation of above approaches, per-application tuning of compiler heuristics,
is that although they guarantee performance improvement, they are time-consuming
and lack generality. We therefore use deep learning to find a generalized solution that
outperforms the present solutions. First, we develop a neural net based cost func-
tion that can accurately predict binary code size for GCC-based compilation. This
provides a means to circumvent the cost-computation bottleneck of invoking a down-
stream compiler to get performance values. This cost function is especially valuable
in training models that require a reward in terms of the impact of transformations
applied and thus invoke the compiler. Second, we develop pre-trained deep learning
models that surpass GCC’s default -O, in more accurately predicting optimal com-
piler transformations for a given application. Our approach is sufficiently practical

to be integrated into the compiler as an -O,1, option.
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Chapter 1

Introduction

Demand for high-performance computing (HPC) resources continues to grow across
various domains, ranging from scientific research and engineering simulations to data
analytics and machine learning. As HPC applications become ever more complex
and data-intensive, optimizing their performance becomes increasingly crucial. Even
small improvements in efficiency can lead to significant benefits, allowing for more
scientific computations, lower resource utilization, and faster time-to-solution. Thus,
developers spend significant amount of time optimizing and tuning applications.

An optimized implementation of an HPC application can be an order of magni-
tude faster than an unoptimized implementation. Generating high performance code,
however, requires both expertise and significant programmer effort; improving code
optimization methods and support tools is one of the longstanding pursuits in science
and engineering. An enduring goal is to automate the optimization process by enhanc-
ing already existing compilers, ideally, to enable the compiler to generate efficient code
based on the developer goals, which may be code size, speed, or energy consumption.
Modern compilers offer default optimization levels (e.g. -O,, -O3, and -Og,g;) based
on these goals. However the compiler transformations applied in these default levels
are largely “one-size-fit-all” sequences that are often sub-optimal |15, 23, 252|: what
works best for one application may not work for another. Despite decades of efforts,
there remains much room for improvement [23, 109, 119, 150, 163, 176, 232, 249|.

Compilers typically generate sub-optimal code, in part, because (i) they must



make safe decisions, (ii) there are mismatches in programming models, e.g., between
that provided to the coder and the target architecture, (iii) the compiler itself lacks
knowledge about the target architecture, and (iv) the compilation process to date has
inherent limitations, e.g., that it cannot be expected to restructure code to recognize
and switch an algorithm. These challenges are exacerbated by the industry-wide
trend towards heterogeneous architectures. This requires efficiency across a range
of compilers, targeted not only for CPUs, but also other target architectures such
as FPGAs that are becoming increasingly prevalent all the way from the cloud to
the edge. The space of possible optimization decisions is massive and their impact
depends not only on the target application but also the target hardware. This makes
the optimization problem a conundrum for naive and expert developers alike: the
former to obtain any performance improvement at all; the latter to avoid the immense
efforts often required.

Nonetheless, state-of-the-art compilers are remarkably sophisticated, providing a
large set of code transformations such as vectorization, dead-code elimination, inlin-
ing, and loop optimizations; and also correctly apply these transformations preserving
the semantics, syntax, and functionality of the code. In all, a compiler may contain
hundreds of transformation passes, many of which are executed numerous times. One
of our motivating hypotheses is that much of the capability needed to advance com-
piler optimization is already present in the compilers themselves: The challenge lies in
getting the compiler to select an appropriate sequence and number of transformations
that generate high performance code. As we describe, this may be possible through
methods that are either internal or external to the compiler.

In this thesis, we ask: Given an input code for a hardware target, can we automate
the prediction of a minimum set of optimization options that increase performance?

Before describing methods for answering this question we first circumscribe the set



of compilers to be targeted. In particular, in this research we specifically target CPU
compilers such as GCC and LLVM. We note that so doing has the potential to benefit
not only code targeting CPUs, but also code which targets hardware, e.g., FPGAs.
This is because of the proliferation of High Level Synthesis (HLS), i.e., the use of
languages, tools, and techniques that facilitate conversion of a CPU program into
custom hardware design. It has been found that an efficient and performant CPU
code and its underlying intermediate representation are likely to be well-suited not
only for the CPU, but also for translation to Hardware Description Languages (HDL)
that program an FPGA [216].

We pursue four research directions. The first research direction is to automate
pre-processing of the application code, e.g., through the application of directives or
pragmas targeting different compilers (GCC, Vitis HLS, Intel HLS) and architectures
(CPU and FPGA). Since the compiler already has immense optimization capability,
the second research direction is to optimize how optimizations within a CPU
compiler (such as GCC and LLVM) are applied; in other words, to optimize the
optimizer. Both research directions require smart optimization decisions. Manually
developing such heuristics, however, is nearly impossible given the complexity and
vastness of the optimization space.

Central to these two research directions, therefore, is to augment optimization
strategies with appropriate methods in machine learning (ML). In selecting the ML
method, we find that supervised ML is not ideal since it requires labeled data mapping
workloads to create optimal (or close to optimal) heuristics, which is computationally
prohibitive. Unsupervised ML techniques are also problematic as they do not take
into account the requirement that a quantity representing performance needs to be
maximized. Reinforcement learning (RL), however, may be appropriate: RL repre-

sents the problem of maximizing long-term rewards without requiring labeled data



and has been used for such planning problems before [94, 132, 169, 254]. We use RL
to determine the optimal heuristics directly for individual codes.

These two research directions deal with automatic tuning, i.e., finding the best
possible optimization options on a per-application basis. While this ensures a per-
formance benefit, it lacks generality and is time-consuming. The third and fourth
research directions extend this work by creating generalized models for optimal
heuristic prediction applicable to a broad range of applications. Before we can delve
into this process, however, we must address a major limitation: the availability of
rich features representative of the underlying code. To this end, we first developed
CodeXplorer: a code feature extraction framework for GCC.

Feature extraction for GCC code is not straight-forward: the last major work to
extract static features from GCC codes was Milepost [109] and their framework does
not work beyond GCC 6+. We tested other alternatives such as a Python plugin by
GCC developers [100]. However the limitation of most prior work is that they have
not been updated to recent GCC versions and hence do not support vectorization,
inter-procedural optimizations, or new architectures. For LLVM, there are many ef-
forts that allow feature extraction including a custom pass within LLVM. There is
a need to develop similar feature extractors at different abstraction levels for GCC’s
latest versions (11-13). Quality features are important since these provide mean-
ingful information for training effective MLL models. We have therefore developed a
GIMPLE (Intermediate Representation for GCC) parser that allows users to extract
more than a 100 function-level static features. In addition, users can choose among
types of feature extractions such as (i) After which GCC pass the features should
be extracted? (ii) Which subset of features are important? and (iii) What are user
target architecture, initial compile flags and target optimization level? The output is

a vector of numbers that can be fed as embeddings into a deep learning model.



Building a generalized model requires two things: Efficient features to characterize
the given code and performance values to quantify the impact of any optimizations
applied. The latter involves invoking the downstream compiler to measure, e.g., the
size of the binary, the number of instructions in the object code, or the execution
time. The third research direction uses the derived features to develop a cost
function for GCC. This deep neural net based cost function can reasonably predict
code binary size for GCC. Having a cost function speeds up the training time by
manifolds and maintains accuracy.

The fourth research direction extends this work by creating a pre-trained
deep learning model that can (i) surpass compiler default levels such as -Oz in more
accurately predicting optimal compiler transformations for a given application and
(ii) is sufficiently practical to be integrated into the compiler as an -Oy,y, option. A
major limitation of present-day ML models is that there are still many functions whose
performance degrades when compared to -O,. We therefore propose a classifier to be
used in tandem with the pre-trained model to reduce such performance regressions.
We show that it is possible to reduce such negative regressions by 99%. Our results
are sufficiently practical for inclusion of our approach in production compilers.

The thesis is organized as follows:

Chapter 2 gives the broader significance of our work and an overview of the re-
search direction. It also gives an explanation of ML methods used including a deep
dive into Reinforcement Learning and background into compiler optimization.

Chapter 3 gives context for the fraction of the target hardware and applications
that are not well-known by the broader compiler community, i.e., by looking at various
FPGA cloud architectures and analyzing what future clouds will look like. This is
part of our publication |76, 222|.

Chapter 4 presents the first research direction: our approach to pre-process appli-



cation codes and apply directives and pragmas using RL methods. We also compare
hand-optimized solutions and make important observations. This is part of our pub-
lication [225]

Chapter 5 combines work from Chapter 4 and integrates it into a framework
targeting different compilers and back-ends.

Chapter 6 presents the second research direction discussed above: Applying RL
to optimize programs for an HLS back-end. This is part of our publication [223].

Chapter 7 presents the third research thrust we discussed above. We first show how
we develop a feature extraction framework to extract code embeddings for training
ML models. We then develop a cost function for GCC that is trained using our derived
code features and can accurately predict binary size.This is part of our publication
[224]

Chapter 8 is the final culmination of our research where we train ML based frame-
work that can outperform GCC default -Oz. We also present a classifier to reduce
performance regressors - functions whose performance is better on GCC default -Oz
than using our proposed -OzmL.

Finally Chapter 9 gives a summary and future work.



Chapter 2

Background

This chapter serves two purposes. First, it discusses the high level problem addressed
in this thesis and narrows it down to the four research thrusts. It also presents FPGAs
as a special case study, elaborating on High Level Synthesis that is also one of the
focal points in research thrusts one and two. Secondly, it presents an overview of
compilers and reinforcement learning, two key principles guiding the research in this

dissertation.

2.1 Achieving the 3Ps

Advancements in semiconductor technology have largely been driving the exponen-
tial growth in computing power. However, in the past decade, Dennard’s law has
reached its plateau: scaling benefits derived from silicon no longer apply. Inorder to
continue improving efficiency, we need to increase performance from software largely
through optimizations. However, ’best-performing’ code is subject to interpretation.
It might be code with minimal latency. It can be code with highest throughput or
energy minimization can be the goal. Each goal requires different optimizations. An
optimized code can significantly save effort, time, money and resources.

One of the longstanding goals in software community is to achieve optimized code
such that it is not only performant but also programmable and portable. Portability
in this case is defined as allowing the user to code in a single language with a single

compiler regardless of the target architecture [137]|. In this thesis we fix portability



by ensuring all research thrusts require a standard environment (C language). Every
research thrust is programmable in that it is automated with minimal efforts required.
Programmability refers to minimal code modifications needed in addition to minimal
programming effort used. Performance is generally achieving the developer goal: the
"best-performing’ code through optimizations.

There are multiple approaches to optimizing code. Manual efforts have been used
by skilled developers to target specific inefficiencies in the code. These can apply
best practices such as inlining, loop unrolling, dead code elimination and strength
reduction to improve code performance. Often users can manually improve memory
access patterns or exploit parallelization opportunities such as multi-threading and
vectorization. Similar source code restructuring has also been used in the space of FP-
GAs 216, 304]. In the past developers have experimented with different optimization
flags/passes/heuristics either manually or systematically through iterative search to
get a ’best optimized’ version of the given code. Such techniques target performance
at the level of the compilation pipeline. There is a large body of work in this space
- including approaches such as design space exploration [106, 159, 162, 297], genetic
algorithms [14, 69, 238], random [10] and greedy approaches |77, 140, 197]. There are
also dynamic libraries such as SPIRAL and ATLAS [206, 271], designed to optimize
for specific applications such as linear algebra and signal processing. Similarly Do-
main Specific Languages (DSLs) exist that are tailored for achieving performance in
specific domains. Examples include parallel frameworks such as OpenMP, MPI and
CUDA to extract performance in parallel computing and Tensorflow, Pytorch and
Halide for machine learning operations.

In this thesis we focus on achieving performance through the process of efficient
translation: source code pre-processing and compiler based optimization. Figure 2-1

highlights these two key ingredients in code translation. Pre-processing is a way to



alter the source code such that it becomes more performant. It includes techniques
such as loop unrolling, inlining and architecture specific optimizations using prag-
mas/annotations. This is the focus of research thrust one and is covered in detail
in Section 2.3. Compiler based optimizations are covered in research thrust two in
Section 2.4. In section 2.4.1 we introduce compilers in general and how the thesis

extracts performance from them.
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Figure 2-1: Translation from the context of this Dissertation

2.2 FPGAs as Special Case Study

In this section we start with FPGAs as a growing compute resource in the data centers
and the cloud. FPGAs are flexible, cost-effective, and reprogrammable which makes

them well-suited for high-speed data processing applications.

2.2.1 FPGAs in the Cloud

In the last five years, FPGA presence in the cloud has gone from near zero (except

for deeply embedded devices) to a large fraction of all high-end FPGAs sold. This
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is because FPGAs offer uniquely the performance, power, and flexibility needed to
support the diversity and dynamicity of cloud workloads. We begin by observing
that, although FPGAs are widespread, they cannot be randomly deployed as part
of cloud infrastructure. Any FPGA cloud architecture must satisfy a number of
constraints placed by the cloud provider. As a result, FPGA use in the cloud is
non-uniformly distributed and motivated by the specific advantages and limitations
that each unique architecture offers. We started our research exploring and analyzing
trends in existing cloud FPGA architectures that highlight this complex relationship
between architectures and system requirements. This allowed us to identify novel
architectures that are likely to offer substantial benefits for cloud workloads. The

details are in Chapter 3.

2.2.2 FPGAs are Great but Hard to Program!

Despite the proliferation of Field Programmable Gate Arrays (FPGAs) in both the

cloud and edge, the complexity of hardware development has limited its accessibility
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to developers. FPGAs are exclusively programmed by a cadre of experts. This is
because programming hardware is different than programming software. FPGAs are
typically programmed using Hardware Description Language(HDL) and each HDL
code can take months to develop. Figure 2-2 shows the programming flow. We know
CPU code is sequential in nature whereby each instruction is executed one after
the other probably in a pipeline with some degree of parallelism. However, FPGA
execution model is spatial. An FPGA executes all instructions at the same time by
mapping it to hardware spatially hence allowing for far greater levels of parallelism.
An FPGA can replicate function units as long as there is room on the device. This
goes through another layer of abstraction to Synthesis where behavioral representation
is converted to gates and logic. As a next step it undergoes Physical Design where
hundreds of thousands of LE are connected with millions of wires depending upon the
resources of the FPGA. Depending upon the complexity of the code, a good design
can take months to develop.

Some research tangential to the present work explores another difficulty of de-
ploying FPGAs: the need to be able to automatically generate a hardware operating
system appropriate for target FPGA and application [62, 63, 65, 213, 244].

2.2.3 High Level Synthesis and its Challenges

To address the programmability issue, one solution is to add another layer of abstrac-
tion on top of HDL which is easy to program, portable and familiar.

This is illustrated in Figure 2-3. The attempts to get from sequential code to
hardware is called HLS. This offers a considerable advantage by enabling complex
hardware designs using procedural languages. In Figure 2-6 we briefly look at how
HLS works. At front end it takes a C code and converts it to IR, hence allowing all
subsequent steps to use language independent format. We apply optimizations on top

of this IR in order to optimize for area, latency, parallelism, reduce power/energy.
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At the back-end operations are mapped and scheduled and resources are assigned
according to the particular FPGA chip. This looks like a compilation and indeed

HLS is like a compiler.
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Figure 2-4: High Level Synthesis and the 3Ps Dilemma

However, while High Level Synthesis (HLS) offers a possible solution by automati-
cally compiling CPU codes to custom circuits, it currently delivers far lower hardware
quality than circuits written using Hardware Description Languages (HDLs). We il-

lustrate this in Figure 2-4. One of the longstanding goals in the software community
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is to achieve all 3Ps that is achieve performance, portability and programmability.
While HLS does deliver Programmability and Portability, the Performance is rela-
tively bad. In prior work from our group [214, 288| we have observed that OpenCL
used for coding nearest neighbor computation on FPGAs can deliver 6-64x worse
performance at the expense of up to 7x more resource consumption. Similar obser-
vations are also made by other researchers [17|. Other work from our group showed
how to enhance existing vendor tools to help automate these methods [215, 217].
Our findings at CAAD lab BU have shown that you can get good performance
through HLS using source code transformations: that is vary C code to match the
code optimization strategy of the compiler. In [216], authors observed that we can
vary the way code is written in order to suit the style of the specialized back-end.
Source code tuning has also been explored in other work [102]. However, a drawback
of this strategy is that it is not portable. These methods are empirically guided and
compiler dependent. Moreover, it requires significant developer expertise in hardware.
One way in which we have proposed to solve this challenging problem is that instead
of changing the source code to match the compiler strategy how about we tame our
compiler according to the application. Our observation is that compilers can work we

just have to find the magic spell that enables optimizations to run optimally.

2.3 Pre-processing Source Code

Pre-processing source code is an approach to guide code generation by introducing
constraints or additional information. These tell the compiler about possible opti-
mization opportunities in the source code. However, using annotations/pragmas is
challenging. We ask: Can we achieve performance but at same time not lose pro-
grammability and portability? This is the focus of research thrust one and addresses

both FPGAs and CPUs. Below we present this problem of pre-processing source code
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as a special case study looking at HLS and extend this to CPU codes.

2.3.1 Modifying the HLL code to become Target-Specific

An approach that we have employed to improve the state of HLS is to generate a target
specific HLL: write code in a familiar high level language like C but restructure for
the specific target. This can be done by inserting annotations/compiler hints in the
existing HLL code at appropriate places. We have explored this for FPGA back-ends
on state of art Xilinx Vitis and Intel HLS tools in Chapter 4. We have also extended
this work to CPU backends and come up with a generic framework that handles
these annotations end-to-end: the user feeds in input HLL code and at the output
gets an annotation-inserted optimized HLL code. This is given in Chapter 5. Below
we discuss the space of this research direction, what ha been typically done in the
past and how our work fits in.

CPU code annotation Traditionally annotation libraries have been used to
grant parallel semantics to code syntax that is originally written to run sequentially;
examples include OpenMP, OpenACC, OpenHMPP, and OpenSs. A number of exist-
ing tools [21, 25, 99, 182, 209, 237| target automatically inserting OpenMP pragmas
into source code. These tools have their own caveats: the output generated varies in
format, i.e. source to source versus binary; pointer aliasing hinders parallelization;
and additional checks are needed to ensure dependencies are avoided. Loop paral-
lelization strategies also differ: Cetus [99] deals with multi-core parallelization while
DawnCC [182] targets GPU threading. Modern compilers support many more anno-
tations in addition to standardized ones supported by these tools. These additional
annotations also address some challenges faced by these tools and are explored in this
work.

There are also frameworks exploring the space of loop transformations (on Clang

employing LLVM’s polyhedral loop nest optimizer Polly [159, 162, 280]) and optimiz-
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ing loop vectorization parameters inside Clang’s intrinsic pragmas [132]. Our work
is novel since it explores a broader set of annotations, provides options to turn on
certain compiler optimization flags [114], and supports instruction set extensions [87].

FPGA code annotation

Much research in annotations for HLS has focused on design space exploration.
[106, 236, 241, 279, 292, 297| introduced heuristics and model-based approaches to
sample the design space. We extend this work by also supporting automatic insertion
of annotations into the source code, thereby creating an end-to-end flow. Also, super-
vised and reinforcement learning techniques are promising since these may reduce the
search cost by using past data to drive optimization decisions [94]. Several studies
identify regions of interest, or predict optimal factors for loop-based HLS directives,
such as unrolling or pipelining. A major contribution of our work lies in creating a
massive search space for multiple state-of-the-art HLS compilers and deriving perfor-
mance also by leveraging HLS directives for optimizing functions and arrays.

Authors in [19] have explored code annotations for data-flow programming in
streaming applications that have multiple kernels within a single code. The source-
to-source compiler, SpecHLS [120] targets a subset of HLS kernels that can benefit
from speculative pipelining strategies. [235] present an optimizer for design space
exploration within the Merlin compiler. Others, such as AutoScaleDSE [152], use
their own quality-of-results (QoR) estimator to provide performance estimates and
optimize for loop tiling and array partitioning.

In short, several studies have explored automated code annotation; they are ad-
vanced in our work through extensibility and generality, which also results in im-
proved performance. Our work as discussed in Chapters 4 and 5 supports additional
compilers, types of computational hardware, different ML-based optimizers such as

Reinforcement Learning (RL) and Bayesian Optimization (BO) for code annotation,
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and is able to explore a massive search space of possible options. These features
combine to yield codes with substantially improved performance, including over pre-

viously optimized code.

2.4 Modifying Compiler Strategy

In this section we explore the second part of effective translation: modifying teh
compiler strategy to make it more performant for the developer goal. We start with

a brief introduction of compilers and extend it to our second research thrust.

2.4.1 Compilers: A brief introduction

A compiler is a specialized software program that translates a source code written
in high level language (HLL) into a semantically equivalent and functionally correct
program written in a target, lower-level language that a computer can understand
and execute on the underlying hardware, such as machine code or assembly lan-
guage. Figure 2-5 gives the overview of its compilation process. Compilers typically
have three modules: front-end, middle-end, and back-end. This type of hierarchical
structure enables modularity: the front-end and back-end can be quickly adapted to
incorporate newer languages and architectures while the middle end that is language
and hardware independent can be reused.

The Front-End analyzes and validates the input code. In the start there is the
lexical analysis or scanning that breaks the source code into tokens (such as keywords,
symbols, variables etc.). Next the parser runs the syntactic analyses to generate
the abstract syntax tree(AST) that adheres to the language’s grammar rules. It
makes sure the code is in valid form’ and format’. After that the semantic routines
ensure the code logic is correct and that the operations defined within it make sense.

After that the intermediate representation of the code is generated that is all input
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languages and platforms independent. For GCC this is the GIMPLE code that we
have analyzed both to generate features defining the code and also for optimizations.

The Middle-End of the compiler optimizes the intermediate representation of the
code according to the defined flags/criteria/goals/optimizations. The Back-End maps
and translates the optimized intermediate representation of the code into hardware-
specific machine code, often in the form of object code or binary code..

We are proposing changes within the middle end of the compiler to enhance per-
formance of the code so it can execute better on the target hardware and also include
‘smart decision-making’. Compiler optimizations are passes/flags each focusing on
specific aspects of code improvement. Some examples include dead code elimination,
loop unrolling, vectorization etc. LLVM allows around 150 transformation passes
while GCC has more than 250 flags. It is quite possible that a certain optimization
enhances performance on a certain code and worsens on another. The ordering of
applied optimizations also impacts performance. Hence LLVM has an optimization
space of 150" where L is the pass sequence length while GCC has a space of 2.

Exploring such a massive optimization space is a major challenge. We have ad-
dressed this in this thesis using tools from machine learning, in particular Reinforce-

ment Learning.

2.4.2 Optimizing the Compiler Strategy

As seen in Figure 2-6, we can optimize codes for HLS by applying appropriate opti-
mization passes/flags at the middle end of a CPU compiler. Compiler optimization
problem space for HLS is vast. Hardware quality is affected not only by the high
level program but also by several other factors such as pass ordering, the number
of passes and their parameter values. CPU compilers such as GCC and LLVM offer
default optimization levels such as -Oz, -O8 to optimize code for specific goals. How-

ever, optimization strategy defined by -Ox levels is rather static and does not take
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the problem nor really the variety of the target hardware into account. Hence it is
not optimal for other specialized back ends like FPGAs. For simple applications like
matrix multiply on an FPGA back-end, we have seen that with appropriate number
of passes and their ordering, more than 60% improvement in performance over the
standard -O3 is possible when evaluated using Legup|168].

In order to bridge the gap between hand tuned and automatically generated hard-
ware, it is thus important to determine the optimal pass ordering for HLS compi-
lations, which could vary substantially across different workloads. Since there are
dozens of possible passes and virtually infinite combinations of them, manually dis-
covering the optimal pass ordering is not practical. Instead, we will use reinforcement
learning to automatically learn how to best optimize a given workload (or a class of
workloads) for FPGAs. Specifically, we investigate the use of reinforcement learning
to discover the optimal set of optimization passes (including their ordering and fre-
quency of application) for LLVM based HLS - a technique for compiler tuning that
has been shown to be effective for CPU workloads. Among all the work on compiler
tuning, [141] is the only state-of-art framework, to the best of our knowledge, that

addresses the problem particularly using High Level Synthesis for specialized back-
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ends such as FPGAs. Our works builds upon it to improve the existing approach and
explore further possibilities.

Existing efforts in RL based compiler tuning have: i) only explored a small number
of learning strategies, and ii) evaluated the impact of these strategies using a single
metric for learning quality i.e. speedup over -03. This is a significant drawback since
learning goals can vary substantially across workloads and developer requirements.
For example, developers can prioritize lower turnaround times over largest speed up
values. In such cases, a different learning strategy would be needed which is able
to trade off achieved speed up for a faster learning rate. Thus, similar to a uniform
optimization strategy, a generic learning strategy is also inefficient. We have ad-
dressed these limitations by exploring in our work and beyond, how compiler tuning
is impacted by different strategies in reinforcement learning for HLS. We study how
selection of observation space, action space, training agent and the reward computa-
tion frequency impacts the overall learning rate and the final reward. This work is

discussed in Chapter 6.
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2.5 Smart Optimization - Building a Generic Strategy

In this section we discuss our third and forth research thrust - building a generic
strategy that can predict performance heuristics across a broad range of applications
and functions.

Compilers offer default optimization levels (such as -O,, -O3) that specialize in gen-
erating high performance code based on various developer goals such as size, speed, or
energy. As prior work has shown, however, the code generated by these default levels
is often suboptimal leaving substantial room for improvement. We ask: Given an
input code for a target hardware, can we predict a minimum set of optimization op-
tions that improve its performance beyond these default optimization levels? We have
explored this earlier in section 2.4.2 by employing optimizations on a per-application
basis. While this guarantees performance, it is time consuming and lacks generality.
A preferred solution is one where a pre-trained deep learning model can (i) surpass
compiler default levels in more accurately predicting optimal compiler transforma-
tions for a given application and (ii) is sufficiently practical to be integrated into the
compiler as an -O,,;, option. Achieving this solution is the final culmination of this
thesis.

In our initial work for research thrust four, we set up a basic framework to train
an RL based model across multiple single function applications and use it to predict
heuristics for a limited subset of test applications. We established that performance
gains over -Oz are possible: On a set of 78 applications, it is possible to decrease binary
size above -Oz by a mean of 20.5%, number of instructions by 14% and number of
GCC passes applied by 19%. As final work done for this dissertation, we expand
along these lines and increase the size of training dataset and expand it to include
multi-function, popular benchmark suites. We evaluate various techniques such as

reward shaping, normalization, action space pruning to increase training accuracy of
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the model. We also incorporate application classification to filter out functions whose
performance improvement seems improbable. Our final goal is to achieve a single
model that can (largely) predict performance improving optimizations across a broad
range of source code functions. We present this work in Chapter 8. Our results
show that it is possible to optimize more than 60% of the functions and achieve an
average of 8.37% reduction on top of GCC 13.2’s -Oz. Once results are achieved on a
broader application set, such a pre-trained model can be integrated into GCC as an
-Op1, option and predict flag options for developers that give a far smaller memory
footprint than output by GCC’s present -O, option.

One limitation of training models for Al is the training time particularly caused
by invoking the downstream compiler in evaluating performance values. This is the

motivation behind our research thrust three and covered in Chapter 7.

2.6 Our not-so-secret Recipe: Artificial Intelligence

Developing effective translation process requires an intelligent strategy. This work
explores utilizing artificial intelligence(Al) in driving optimal choices. Al is a popular
choice in the research space. We drive our differentiation by asking: Can we increase
performance over the state-of-art without compromising portability and performance?
Is our approach practical and flexible? Is it extensible and modular? The specific
novelty of each research thrust and how we place our work in the overall landscape is
covered in each relevant chapter. Here we discuss background of the approach used
and introduce Markov Decision Process and its implementation as Reinforcement

Learning.

2.6.1 Markov Decision Process

In this thesis we have framed the problems of pre-processing source codes and modify-

ing compiler strategy in the context of Markov Decision Process (MDP): a stochastic
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process that model decision making in fully observable environments. It is defined
as a tuple (State, Action, Transition Probability, Reward function, Discount Fac-
tor). In a typical MDP, an agent is the 'learner’ that learns through its decisions
and interactions. An environment is a demonstration of the 'problem’ in which the
agent interacts. State defines the set of possible situations/configurations/positions
of the agent within the environment. Actions are the decisions that the agent makes
and through which it perturbs the environment to learn. Transition Probability is the
probability or likelihood that the agent transitions from one state to another. Reward
is the value that the agent gets after performing a certain action in some state of the
environment. Discount factor is a means to qualify how much importance has to be
placed on immediate versus future rewards. MDPs are based on the Markov Property
which states that the future state depends only on the current state and action, and
not on the past states’ sequence. Solving an MDP essentially means to find a policy
or strategy that chooses an action based on the current state and optimizes for the

overall reward /outcome.

2.6.2 Reinforcement Learning as an MDP

Our approach for solving MDPs is utilizing Reinforcement Learning (RL): an ap-
proach in which an agent learns through its interactions with the environment. It
obeys the Markov property in that the current state is defined to capture information
of the past states. Intuitively meaning that the current state and action are only
required to define the future state.

The ultimate goal in RL is computing a mapping between the environment and
actions: a policy that is maximizing the expected reward. In doing so, it relies on a
trial-and-error mechanism in order to learn, as opposed to labeled data in supervised
learning. Figure 2.7 summarizes its workflow. In the context of RL formulated as

an MDP, there are two major components to the overall framework:
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Figure 2-7: An Overview of Reinforcement Learning

i) Environment: the problem that we are trying to learn to solve, and

ii) Agent: used to perturb the environment and learn based on feedback.

The smallest unit of Environment-Agent interaction is typically a Step. At each
Step, the Agent predicts an Action that the Environment should take e.g. the next
move in a game of chess. After taking the action, the Environment returns a Reward
indicating the impact of the Action, as well as an updated State which represents
the change in the FEnvironment as a result of taking the Action. The next Step then
starts and a new Action is predicted.

The above process continues till the Environment indicates that a conclusion has
been reached e.g. the game of chess has ended. This collection of Steps, from the
first predicted action Action to the Action that causes the Environment to reach a
conclusion, is referred to as an Episode. At the end of an Episode, the Environment is

reset and a new Episode starts. A collection of such episodes is referred to as an Itera-
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tion. The agent is updated once per iteration. The number of Episodes per Iteration
can vary significantly based on a number of factors. At the end of each Iteration,
the learning portion of a RL framework updates a Policy (deterministic/stochastic
strategy) about which Actions cause Agents to maximize their long-term, cumulative
rewards. RL assumes that the environment is Markov i.e. that the updated state also
depends on the previous state and the action taken. It also assumes that the action
taken is only dependent on the current state.

There are three types of RL implementations: policy-based, value-based, and
model-based. Policy-based RL involves coming up with a Policy to maximize the cu-
mulative Reward. Value-based RL attempts to maximize an arbitrary value function,
V(s). Model-based RL is based on creating a virtual model for a certain Environment
and the Agent learns to perform within the constraints of the Environment.

In each subsequent chapter, we discuss in detail how the RL framework is set
up as an MDP. We also discuss various components involved in the decision making

process and how the process is validated to ensure optimal performance.
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Chapter 3

Survey and Future Trends for
FPGA Cloud Architectures

3.1 Motivation

The demand for data center services is likely to continue growing exponentially [177].
As Moore’s Law has slowed and the computational overhead and complexity of cloud
workloads continue to rise and evolve, FPGAs offer a promising mechanism to address
the paradox of simultaneously combining performance, power, and flexibility. They
can be deployed almost anywhere in the data center in order to accelerate compute,
storage, and network, as illustrated in Figure 3-1. Due to the immense benefits of
FPGASs, their use in data centers is expected to grow at a Compound Annual Growth
Rate (CAGR) of 48% between 2020 and 2027 [117].

While FPGAs offer a number of benefits in the data center, the choice of which
particular architecture to leverage is complex and non-trivial; we simply cannot place
any number and size of these devices anywhere in the cloud. The extreme need for
cost-effectiveness leads to emphasis on size, power, cooling, compatibility, automation,
and in-place upgradability, all while ensuring that specific needs of cloud workloads
are met in terms of performance, memory, server capability, reliability, security, and
network connectivity. For example, as illustrated in Figure 3-2, architectures can
offer a different set of key benefits because of FPGA placement and connectivity.

Thus, based on a system’s requirements, certain FPGA cloud architectures can be



26

Secondary
Network Stand ~ .
Alone [l [l
CPU Bump
u ] [N
B n FPGA n The
Co-Processor I Wire

Storage "

[ ]
Attached §

Figure 3-1: Deployment versatility of FPGAs in the data center

substantially more advantageous than others.

Given the non-trivial relationship between system requirements and architectures,
surveys of FPGA cloud architectures can play an immensely important role in helping
deliver on the promise of FPGAs in the cloud. Specifically, these surveys can highlight
the key advantages and limitations of individual architectures, which in turn make
it easier to describe and compare systems without getting bogged down by low level
implementation details. These surveys can also provide an ’innovation guide’ to
the vendors, including FPGA chip/board manufacturers and FPGA cloud system
architects, about the features and limitations critical to their customers. Moreover, if
a new system is to be brought online, these types of surveys can help reverse-engineer
the best suited architecture based on a given set of requirements and constraints.

While there are several surveys that analyze different facets of cloud FPGAs |75,
86, 90, 153, 156, 160, 179, 187, 247, 250, 253, 256, 261, 267, 291, 293, 294, 296],

currently there is less work that addresses the architecture space. Relevant prior
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Figure 3-2: Examples of common FPGA architectures. Potential benefits for each
architecture include: i) Bump-in-the-Wire: Large scale compute, network and
storage acceleration, ii) Co Processor: Local compute acceleration, iii) Storage
attached: Local storage acceleration, iv) Back-end cluster: Ultra low latency, rack
scale FPGA-FPGA communication, v) Smart NIC: Local network acceleration, vi)
Network HW: Flexible routing/switching protocols, vii) Local Cluster: Multi-
accelerator system, viii) Shared Memory: Cache coherent acceleration, and ix)
Disaggregated: High infrastructure utilization.

work is primarily discussions in support of specific technical contributions [55, 80, 234,
268, 303]. These are generally brief and based on broad categories and assumptions
that do not capture all of the unique set of advantages and challenges of different
architectures. For example, the taxonomy in [80] captures FPGAs as in-node CPU
compute accelerators, but does not extend to a number of other configurations, such
as computational storage devices [36, 39, 104], stand-alone devices without a CPU in
the node, or devices deployed outside of nodes, e.g. in TOR switches [32, 193].

The goal of this paper is to discuss cloud FPGA architectures with sufficient depth

such that the relationship between design choices and constraints can be analyzed and
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trends can be identified, but while abstracting away low-level implementation details
such as specific chips/boards and communication protocols. To do so, we survey

existing cloud FPGA deployments in the context of the following central questions:

e Type of FPGA board: Are off-the-shelf boards used, or are the requirements

specific or strict enough that a custom board is needed?

e Placement of FPGAs in the system: What type of components have FP-
GAs? Are they shared?

e Network connectivity: Do FPGAs have direct access to any inter-node net-

works?

e Intra-node connectivity: What significant devices can an FPGA talk to

within a node? How?

e Use cases: Who is using the FPGAs (provider, user, etc.) and for what

workloads?

Since the answer to the above can vary substantially based on the strictness of the
constraints, we separate the analysis into production and research architectures. This
allows us to both derive meaningful and valuable trends, as well as to plot a possible
road map for cloud FPGA architectures, since research systems naturally point to
future production systems. We also highlight promising, novel areas of innovation in
the cloud FPGA architecture space that are currently not part of any production or
research work, but may offer substantial value.

The specific contributions are:

e We survey existing cloud FPGA architectures deployed in both production and

research systems.
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e We classify these cloud FPGA architectures and use this classification to analyze

important trends.

e We highlight several promising areas of future innovation in the cloud FPGA

architecture space.

More generally we expect this work to serve different purposes to different communi-
ties, with the survey and references providing an introduction to FPGAs-in-the-cloud
to non-experts and the taxonomy and predictions being useful (or at least provoca-
tive) to practitioners.

The rest of this chapter is organized as follows. Section 3.2 presents a taxonomy
for classifying cloud FPGA architecture. Based on this taxonomy, Section 3.3 dis-
cusses existing production cloud FPGA architectures. Then, Section 3.4 extends this
discussion to cover existing research systems. Section 3.5 highlights potential future

innovation derived from the taxonomy. Finally, Section 3.6 gives the conclusion.

3.2 Taxonomy

The taxonomy is based on the critical questions highlighted in the previous sec-
tion: A) type of FPGA boards, B) placement of FPGAs in the system,
C) network connectivity, D) intra-node connectivity, and E) use cases. We
now discuss this taxonomy in more detail and highlight both the above categories,
as well as the different sub-categories that can exist within each. Note that these
sub-categories are neither mutually exclusive nor comprehensive: it is possible for
system to have multiple sub-categories, and for new sub-categories to be added later

to encapsulate future innovation.
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3.2.1 Type of FPGA boards

Given that cloud providers are not currently creating their own FPGAs, the smallest
unit of differentiation is the FPGA board; both a) Off-the-shelf and b) Custom
are widely used. Economic advantages depend on scale of deployment and provider
development infrastructure. Given the latter, custom boards still have higher start-
up and upgrade costs, but may be cheaper in large quantities. But the advantage
of scale also affects off-the-shelf economics as the provider has the market power to
affect price and board features.

With custom FPGA boards just about any attribute can be varied, such as num-
ber /types/bandwidths of 1/O ports, FPGA family, off-chip memory type and size,
form factor, and other on-board devices. This ensures that the boards closely match
the specifications/requirements of the target system, from computation to cooling.
None-the-less, off-the-shelf boards are available for every (currently) sizable usage do-
main, including SoCs [33, 40], node-level networking [53, 54, 58, 147, 180, 192, 231],
NoCs [8], data center switches [31, 32, 193, 220| and storage |28, 36, 39, 48, 104].

3.2.2 Placement of FPGAs

FPGAs can be placed in either a a) distributed or b) centralized manner. Having
a distributed FPGA placement means that compute/storage nodes have their own
FPGAs, and thus do not have to compete for the resource. This leads to more
offload capability, greater reliability (since FPGA failure does not affect on other
compute/storage nodes), and reduces security concerns since offloads for different
nodes can be isolated. It is also possible to place FPGAs in a centralized manner,
typically inside the networking nodes (e.g. in switches as ASIC-FPGA, CPU-FPGA,
or FPGA only circuits). Substantially fewer FPGAs are needed for such a deployment;

this typically translates to easier management, lower power consumption, lower TCO,
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smaller average node sizes, and potentially higher performance since expensive high-

end FPGAs can be used (and upgraded more frequently).

3.2.3 Network connectivity

Within each node, it is possible for FPGAs to be a) not connected to any network
or connected to b) the primary network and/or c) a secondary network. Being
connected to the primary data center network enables FPGAs to intercept/accelerate
network traffic to the node, as well as achieve data-center-wide scalability for FPGA
workloads since multiple FPGAs can directly communicate with each other. However,
the circuitry needed to support this FPGA position can consume a significant portion
of FPGA resources. This includes circuits to support high resiliency since the FPGAs
can be a single point-of-failure: an entire node can become unstable in the case of an
FPGA error. In the case of secondary network connectivity, FPGAs can communicate
across nodes with significantly more flexibility in the topology used (e.g. mesh, torus,
switched), as well as the communication protocol, all of which can lead to ultra
low latencies. However, using a custom network configuration means that complex
router hardware, routing algorithms, and switch arbitration policies may need to be
implemented on each FPGA. Moreover, complex cabling may be required, which can

add a significant burden to the overall data center architecture [80].

3.2.4 Intra-node connectivity

FPGAs within a node can be a) not connected to any other significant device
(i.e. be a Disaggregated resource) or connected to one or more devices: b) CPUs,
e.g. through PCle and possibly with cache coherence using interconnects such as
CCIX [243]|, CXL [97], or CAPI [195]; ¢) Other FPGAs, e.g. through a PCle
switch and /or using direct and programmable interconnects; d) GPUs, e.g. through

a PCle switch; e) ASICs, e.g. through multiple potential forms of connectivity
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depending on the ASIC and nature of coupling such as NIC or tensor processor; f)
Storage devices through the device-specific interface, e.g. SPI for flash and DDR
for SDRAM.

3.2.5 Use cases

Use cases have a substantial impact on architecture, since cloud providers must en-
sure workload requirements are met (e.g. performance) without compromising on
core aspects (e.g. security, reliability). Common cloud FPGA usage domains are
the following. a) Customer applications: Customers can develop, simulate, de-
bug and compile their custom FPGA logic, as well as scale their infrastructure and
change resources according to their workload demands. A wide pool of applications
can be deployed, e.g. in genomics, financial analytics, computational fluid dynam-
ics, video processing, transcoding, and security. Several development environments
are available so users do not need to write their own HDL code [66]. b) Provider
Application as a Service (AaaS): The cloud provider supports a limited set of
customer applications by developing the FPGA design themselves: only the neces-
sary APIs and high level design parameters are exposed. This model ensures high
performance and resilience at the expense of reducing customer access to the entire
FPGA. c¢) Provider applications: Cloud providers use FPGAs to accelerate their
internal workloads, e.g. SDN, as well as save CPU resources that can then be rented
to the customer.

An especially promising set of use cases leverages the common positioning of the
FPGAs within the node (network facing) and the tight coupling of communication and
application logic. These include privacy preserving computations [200, 201, 272] and
certain computations where strong scaling is especially challenging, such as Molecular

Dynamics [64, 273, 274, 275, 276] and Docking [239, 240, 257, 258, 259].
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3.3 Production Architectures

In this section we discuss production cloud FPGA systems that are in widespread or

large-scale use.

3.3.1 Overview

Perhaps the most widely deployed production system is Microsoft’s unique Catapult
v2 [80], which has FPGAs in most Azure and Bing SKUs in a Bump-in-the- Wire con-
figuration: FPGA sits between the TOR, NIC ASIC and CPU, hence enabling data-
center-wide communication within tens of microseconds of latency. These hundreds of
thousands of FPGAs (or more) are used for both internal (e.g. network packet process-
ing [186], Bing search [86]) and external workloads (e.g. Machine Learning inference
as a service [86]), with HPC workloads also found to be plausible [227, 228, 230].
Another type of a widespread production system is the single node accelerator
model, which leverages FPGAs in either a Coprocessor configuration, or as a Local
Cluster where devices are interconnected either via a PCle switch or using direct
FPGA-FPGA interconnects. A number of cloud providers such as AWS [3|, Huawei
[45], Baidu [27], Tencent [37], Nimbix [34] and Alibaba [26] use this model. These
systems are used by customers to run a wide pool of cloud native applications such as
genomics, financial analytics, data acquisition, computational fluid dynamics, video
processing, image processing, transcoding, security, and Al workloads [41, 50, 51, 52,
56, 251|. There are also examples of these FPGAs being used by providers for their
own workloads. Baidu uses FPGAs to accelerate its cloud-based storage, SQL queries,
data security, search engine, and AI workloads [41, 47]. FPGA-based Al chips—such
as Baidu’s Kunlun for AI, Alibaba’s Ouroboros for speech recognition, and Alibaba’s
Hanguang 800 for inference operations—are deployed in their cloud data centers [105].

Alibaba has reported 75% savings in TCO by using FPGAs to oversee product images
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on its e-commerce site [283]. In 2018 it reported over $30 billion retail on its website
in a single day (compared to $5 billion on all US online and in-store retail on black
Friday 2017); this was possible with its data center FPGAs being used to accelerate
transactions and provide recommendations to users [107].

There are also systems that are widely deployed, but where there is insufficient
publicly available information for analysis. Amazon has announced AQUA (Advanced
Query Accelerator) nodes for its Redshift data warehouse, available through the
RA3.16XL and RA3.4XL instances. These nodes use FPGAs to accelerate dataset fil-
tering and aggregation [29, 49|. Baidu uses Smart NICs to improve virtualisation and
workload performance [59]. OVHCloud also uses Smart NICs, but for network packet
processing to mitigate Distributed-Denial-of-service (DDoS) attacks in its cloud traf-
fic [35, 42]. Scaleflux CSD2000 SSDs are deployed by over 40 data centers globally
[30]. An example is the Alibaba cloud, which uses Scaleflux CSD20004 in place of
traditional SSDs on their storage nodes to accelerate applications such as MySQL,
Aerospike, Oracle, and PostGreSQL [46]. Samsung Smart SSDs [39] are deployed
at the Nimbix cloud where they accelerate Apache Spark, running queries up to 6x
faster when using software from Bigstream [38]. Eideticom’s computational storage

processor [104] has been implemented in Barreleye G2 servers on Rackspace [205].

3.3.2 Architecture Trends

Figure 3-3 classifies production cloud FPGA architectures into seven taxa (using the
taxonomy in Section 3.2). To effectively compare these architectures and highlight
trends, we avoid illustrating the taxonomy as a single tree. Overall, there are four
major trends: 1) Boards, 2) Placement, 3) The relationship between network connec-

tivity and use cases, and 4) Intra-node connectivity.
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Figure 3-3: Classification for the following production cloud FPGA architectures:
Alibaba [A], Baidu [B], Microsoft Catapult v2 [C2], Amazon AWS F1 [F|, Huawei
[H|, Nimbix [N] and Tencent|T].

Boards

Figure 3-3a shows that a majority of vendors have used custom boards in their de-
ployments due to the benefits discussed earlier. For Microsoft in particular, this was
necessary since requirements for placing FPGAs in special HPC SKUs "constrained
power to 35W, the physical size to roughly a half-height half-length PCle expansion
card (80mm x 140 mm), and tolerance to an inlet air temperature of 700C at 160 1fm
airflow" [80]. Custom boards are not required, however: Nimbix and Tencent both

use off-the-shelf.

Placement

Figure 3-3b shows that all these systems deploy FPGAs in a distributed fashion. This

is because: i) FPGA resources are easier to orchestrate, ii) FPGAs can be offered as
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bare-metal resources, which simplifies the tooling needed, and iii) FPGA failure affects

only local resources, as opposed to potentially millions of nodes.

Network Connectivity - Use cases

Figure 3-3c shows two important trends. First, none of the systems uses a secondary
network. This is likely because of: i) the cost and complexity of wiring a second
network for potentially millions of nodes and additional networking hardware, ii) the
potentially limited scalability if direct FPGA-FPGA connectivity is supported, and
iii) high chip resource usage for building routers and securing the system. The sec-
ond important trend is the relationship between network connectivity and use cases.
Specifically, due to security and reliability constraints, systems that allow customers
to offload their own applications do not support any direct network connectivity.
Rather, this connectivity is only available if workloads are either internal, or if the

offering is an application where only a limited set of APIs are exposed to the customer.

Intra-node Connectivity

Figure 3-3d shows four major trends. First, in all of the systems FPGAs communicate
with the CPU over the PCle slot. This emphasizes the role of the CPU as being
the core computational resource, whereas the FPGA is a complexity offload engine
managed by the CPU. Second, all FPGAs are connected to some form of off-chip
storage, typically a DDR memory chip on the same board. Third, no production
system currently offers instances with FPGA-GPU connectivity. To the best of our
knowledge, none of the cloud providers has placed GPUs and FPGAs within the same
node. In terms of FPGA-ASIC connectivity, only Microsoft supports this since the
FPGA must transparently process packets for the traditional NIC. Fourth, a majority
of systems support local FPGA clusters through PCle switches or direct FPGA-FPGA

interconnects. This allows for high speed connectivity among a small number FPGAs.
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3.4 Research Architectures

We discuss systems that are presently in research and development and represent the

most technologically plausible candidates for widespread future deployment.

3.4.1 Overview

One of the most commonly used research architectures is the cluster of Back-End
tightly coupled FPGAs that deploys a secondary network using direct and pro-
grammable interconnects to connect FPGAs across nodes. Microsoft’s Catapult V1
was a back-end system that connected multiple nodes in 6x8 tori [207]. It was demon-
strated using Microsoft’s Bing workloads; it is not clear whether is was ever part of
a production cloud. Although this approach can substantially reduce FPGA-FPGA
latency, it is difficult to scale beyond a single rack due to wiring requirements; in
the general case it also requires each FPGA to implement a router to support the
communication. Currently no such example can be found operating in the production
cloud. Other research examples include the 2D torus of 64 FPGAs on Maxwell [67],
Novo-G# with a 3D torus interconnect among 64 FPGAs [116, 226, 229|, the Noctua
system at the Paderborn Center for Parallel Computing [57, 196, 202| with point to
point connections among its 16 FPGA nodes, and the Albireo nodes of the Cygnus
supercomputer system at University of Tsukuba [154| with a 2D 8x8 torus.

Another research area proposed in [108, 157| involves Channel-over-Ethernet (CoE),
which is a back-end, inter-FPGA Ethernet communication network using the OpenCL
kernel programming. Communication is also possible via the host CPU with Infini-
band as a primary network. The results demonstrate the feasibility of such a configu-
ration as the system achieves a latency of 0.99ps for inter-FPGA communication via
the secondary Ethernet switch as compared to 29.03ps via the host CPU. A drawback

is that data are sent as packets so there is additional overhead, such as IP addresses
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and flags, that reduce the effective data rate [263].

Other research architectures include systems that support a Local Cluster, but
where the communication scaling via direct interconnects is limited to a single node.
Examples include Novo-G (a former version of Novo-G#) that allowed eight FP-
GAs wired on the same node communicate directly [115]. Another example is the
research systems currently deployed at the IBM SuperVessel Cloud [2] and the IBM
Power8+CAPI cluster at the University of Texas, Austin [44] that use a Shared Mem-
ory cache coherency model.

A different approach is to directly connect FPGAs to the data center network as
a standalone resource. Each FPGA can be accessed by a CPU or another FPGA re-
sulting in good scalability. CloudFPGA at the IBM Zurich Research Lab has demon-
strated that network-attached disaggregated FPGAs improve network latency and
throughput over other configurations, e.g. SW-only, PCle attached FPGAs, bare
metal servers, and virtual machines [269, 270]. The authors have built data center
rack scale prototype with 1024 FPGAs [6]. A drawback of such an architecture may
be that FPGA-CPU communication is necessarily among separate nodes and has high
latency. Another consideration is the increase in the number of TOR connections.

The Open Cloud FPGA Testbed (OCT) is another research system that connects
off-the-shelf FPGA boards to the network and also to a host CPU via PCle. The
testbed provides flexibility for cloud researchers to experiment with bare metal nodes,
FPGASs’ programming, and with FPGAs connected directly to the network and to one
another [135|. University of Toronto SAVI testbed connects FPGAs to the primary
network [246]. The authors in [245, 247| have demonstrated that virtualising FPGA
resources on the SAVI testbed enables multiple regions within an FPGA device to
support different designs using APIs such as OpenStack. Enzian [1| at ETH Zurich

employs an FPGA as a node connected to the network on one end and coherently
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attached to a large server-class SoC on another node. Unlike Microsoft’s Bump-in-
the-wire, this system allows CPUs to either connect directly to the network or via the
FPGA. Unlike other cache coherent systems, it allows the FPGA side of the cache
coherency protocol to be extended and tailored [16].

a)

Network / Type of Custom Off-the-shelf
Board
Primary [E], [1]

[S], [O]

Secondary [C1], [N#] [G], [M], [Nc]
None [Nr], [Nv], [P],
[Vl
b) c)

Centralised | Distributed FPGA CPU GPU | ASIC Storage
[C1], [E], [G], [G], | [C1],[E], [G], [C1], [E],
[1], [M], [Nc], | | [Nc]l, | [G], [M], [P] [G], [1],
[Nv], [N#], [Nv], | [Nc], [Nr], [M], [Nc],
[O], [P], [Nr], | | [N#], | [Nv], [N#], [Nr], [N#],
[S], [V] [M], | [O], [P], [Nv], [O],

[P] [S], [V], [P1, [S], [V]

Figure 3-4: Classification for selected research cloud FPGA architectures: Microsoft
Catapult vl [C1], Enzian [E|, Cygnus|G|, IBM cloudFPGA [I], Maxwell [M], Noc-
tua [Nc|, NARC [Nr] [89], Novo-G [Nv|, Novo-G# [N#], Open Cloud Testbed [O],
Power8+CAPI TACC [P], SAVI [S], IBM SuperVessel [V].

3.4.2 Architecture Trends

Figure 3-4 classifies the research cloud FPGA architectures using the taxonomy de-
fined in Section 3.2.As we can see, with the exception of a few possibilities, research
systems have explored different varieties of cloud architecture options. While produc-
tion systems are bounded by several factors such as total-cost-of-ownership (TCO),

power-usage-effectiveness (PUE), performance, resilience, modularity, scalability and
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security; research systems tend to enjoy greater degrees of freedom.

Boards

Figure 3-4a shows that custom boards are preferred if the proposed systems are Dis-
aggregated, network attached (e.g Enzian and IBM CloudFPGA). Also, for earlier
Back-end systems like Catapult vl and Novo-G# a customised board allowed the
system to increase transceiver count. However, we can see that recent Back-end and
Local Cluster systems mostly use off-the-shelf boards. Systems with no inter-node

communication network almost always use off-the-shelf boards.

Placement

To the best of our knowledge, no research systems are deployed in a centralized

manner (Figure 3-4b).

Network Connectivity

Figure 3-4a shows that research systems are distributed evenly across the different
network connectivity options. We also note that newer systems almost always have
network connectivity, either primary or secondary. This helps scale the application

across multiple FPGAs and achieve lower latency.

Intra-node Connectivity

Figure 3-4c shows three major trends. First, none of the research architectures con-
nects an ASIC with an FPGA on the same node. Second, all systems have some form
of off-chip storage. Third, GPUs are being employed on the same node as FPGAs,
especially for highly parallel, SIMD-like workloads and communicate over a PCle
switch [78].
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Figure 3-5: A Categorical Comparison between the Production and Research Sys-
tems analysed in this paper

3.5 Potential Future Innovation

We identify areas of potential novelty that can be derived by traversing the categories
in the taxonomy, and by comparing different sub-categories with what is already
present in Figures 3-3 and 3-4.

Type of Boards: Potential novelty here is with modular boards that lie at the
intersection of custom and commodity. Similar to what is commonly done with micro-
controllers, semi-custom boards can be built by buying and connecting together off-
the-shelf modules for different FPGA chips, memory chips, and interfaces (QSFP+,
PCle etc). This would allow providers to tailor boards to their specific requirements,
reduce the penalties of designing a custom board (development costs, upgrade costs,
probability of failure, time to market), and easily replace specific modules as needed
(due to hardware failure or for regular upgrades).

Placement of FPGAs: While FPGAs have been used in high end network switches

[31, 43, 60], their role is typically limited to providing the performance and flexibility
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needed to support changing protocols. However, there is currently no system that
leverages TOR switches where FPGAs are responsible for implementing the entire
switch hardware [32, 193].

Supporting such an architecture has a number of benefits. i) Customer offloads:
Customers could use these TOR FPGAs to compute in the network e.g. for do-
ing collective operations such MPI All-Reduce and Broadcast. ii) Provider offloads:
Providers could leverage these FPGAs to implement services such as metering, ac-
counting, analytics, and packet filtering. iii) Flexible networking: By combining
FPGA based TORs with Bump-in-the-Wire FPGAs, a data-center-wide network
could be created that does not rely on a standard protocol for communication. As
a result, the communication latency could be reduced substantially. Alternatively, it
may be possible to dynamically switch between different standard protocols based on
the target workload.

Other research has demonstrated the potential benefits of deploying FPGAs as
application-level accelerators within the switch [126, 127, 128, 129, 130, 131].
Network Connectivity: A potential novelty here would be to support both Primary
and Secondary network connectivity, either within the same FPGA, or through mul-
tiple tightly coupled FPGAs within the same node. This would effectively combine
key benefits of Microsoft’s Catapult v1 and v2, i.e. having ultra low latency for rack
scale communications through custom interconnects and still supporting data-center
scale FPGA-FPGA connectivity.

Intra-node connectivity and Use cases: The connectivity between FPGAs and
CPUs is typically done using the PCle bus. This is because existing use cases de-
fine the role of the FPGA as an offload engine for the CPU. However, a potential
novelty here is supporting sufficient low-level electrical coupling, such as the FPGA

has read-modify-write access to the CPUs Baseboard Management Controller and
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firmware. This would effectively turn the FPGA into a management and security
controller for the CPU, and enable new system administrator use cases such as CPU
firmware attestation. Some recent research using FPGAs to perform intranode func-
tions, including managing distributed caches and orchestrating communication, has
been shown to be beneficial in supporting communication [284, 285, 286| and perform-
ing certain Al tasks such as processing Graph Neural Networks and Recommender

Systems [123, 124, 125, 295].

3.6 Conclusion

We present a survey of cloud FPGA architectures that explores the complex and
non-trivial relationship between system requirements and deployment configurations
and identifies areas of potential future innovation in this space. To help organize
the survey, we use a taxonomy that abstracts away low-level implementation details
while still highlighting advantages and limitations of a given architecture. Using this
taxonomy, we classify both production and research systems; this in turn is used
to demonstrate the major trends in cloud FPGA architecture. Finally, based on
the findings of this survey, we identify several potential areas of innovation that are

currently not explored in either production or research.
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Chapter 4

AutoAnnotate: Reinforcement Learning
based Code Annotation for High Level
Synthesis

4.1 Introduction

A fundamental challenge in Electronic Design Automation (EDA) is the creation of
code that is not only programmable with reasonable effort, but that is also perfor-
mant. Basic to creating high performance FPGA applications is that they are usually
programmed by developers experienced in that domain; moreover, programs for spa-
tial accelerators such as FPGAs often do not follow the optimization principles of
a traditional software design. High Level Synthesis (HLS) tools that enable trans-
formation of High-Level Language (HLL) code into an FPGA specific design have
the potential to offer a considerable advantage by enabling complex hardware designs
using procedural languages. Among the vast number of academic and commercial
products in this and related spaces are Electronic System Level (ESL) design tools
[18, 142, 168, 184], runtime libraries [282|, autotuners [255, 287|, and other program
development infrastructure [281].

It is often the case, however, that the HLS compiler is unable to output high
quality results. Many studies have tackled this problem using pre-processing of the
source-code, e.g., [102, 216, 304]|. For example, FPGA vendors suggest source code

reconstruction focusing on optimization for pipelined registers, predictions, and mem-
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ory coalescing, among others. However, improving source code by using manual code
rewriting also requires significant expertise in FPGA architecture, including program-
ming for distributed memory resources, deep pipelines, and data-flow routing. Also,
this approach is compiler agnostic; while this seems a positive, it turns out to be the
opposite: we find that some practices that yield benefits with Intel HLS can result in
the opposite with AMD Vitis.

An alternative, source code annotation with pragmas (or directives), aims to make
apparent to the compiler certain opportunities in the code, such as potential for paral-
lelism or reducing memory latency. Most existing HLS tools employ user directives to
transform code. However, these require that a naive code be properly annotated with
specific combinations of pragmas in order to improve performance [88]. There are
several limitations: Which pragmas should be used to exploit inter- and intra-module
parallelism and memory abstractions? And, Which combinations of these pragmas
work well together and guarantee maximum performance? In particular, specifying
HLS directives and pragmas presents several challenges:

1. Transforming source code requires not only knowledge of hardware micro-
architecture, but also familiarity with the proper use of tool-specific optimization
directives and pragmas. It also requires facility with the overall coding style, e.g.,
applying appropriate memory partitioning, which itself is dauntingly dependent on
code complexity. In fact attempting to use pragmas may actually exacerbate the
programmability problem as the designer now needs expertise with the HLS tool as
well as with hardware design. Moreover, the effect of inserting a pragma depends not
only on the HLS tool, but also its version and the target FPGA type.

2. Pragmas may need to be added at tool-dependent locations in the code. For
example, the loop unrolling pragma for Vitis HLS must be inserted after the for loop;

this is in contrast to other compilers such as Intel HLS, GCC, Clang, and OpenMP
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where loop unrolling must be declared before the loop.

3. Even if the pragmas are inserted correctly, good performance is still not guar-
anteed. We have observed that incorrect (yet legal) insertion of certain pragmas can
result in multiple factors worse performance. Infeasible configurations may increase
latency costs, cause deadlock or result in runtime errors. For example, for an array
used in a for loop: if the array partitioning factor is less than the loop unrolling fac-
tor, then the loop may not be unrolled successfully because the visits to the array are
limited by the partitioning factor [18|. If the array partitioning factor is greater than
the loop unrolling factor, more memory resources are consumed without increasing

the parallelism. Compatible directives and factors are needed [241].

These challenges indicate that code rewriting with HLS directives is a hard prob-
lem and that there is a need for an intelligent automated toolflow to productively
annotate code in a reasonable amount of time. While the objective is still to leverage
parallelism and optimize resource usage, our approach is to extract maximum per-
formance benefit without any additional programming effort, while using
state-of-the-art tools to guarantee universal availability.

This chapter presents AutoAnnotate, an automatic code annotation framework
for HLS. AutoAnnotate reduces the need for developer expertise and effort by using
Reinforcement Learning (RL), a ML approach that has proven valuable and superior
to human experts in many fields [94, 132, 190, 223, 254|. We find that an RL agent can
efficiently capture code characteristics and the HLS tool annotations that work well
together, and thus to enable learning a model that predicts improved code insertions
for a given application. AutoAnnotate adds value for both less and more experi-
enced developers: the former in developing performant FPGA codes; the latter for
generating design alternatives without having to go through hundreds of pages of ref-

erence manuals for each target tool. FPGA workloads are application-specific hence
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we can train RL agent on the application itself. While code features are important
for generating code specific annotations, the agent itself learns pragma combinations
best suited for the given application. Moreover, these are dependent on the specific
dataset on which they operate on, hence functional verification works.

This chapter makes the following contributions:

e An end-to-end RL-based source code annotation framework that takes C code as
input and outputs a performant, pragma-injected C code. Automating insertion
of compiler directives/pragmas improves not only usability and portability but
also the quality of customized programs on FPGA platforms. If performance
enhancement using HLS directives within a fixed number of iterations is not
possible, it outputs the unoptimized code and suggests pre-processing using

source code rewriting.

e An extensible method for design space identification involving source code pro-
filing. This outputs code-specific pragmas and their insertion points. The RL
agent then learns to annotate the C code with the minimum number of pragmas
from the design space, minimizing the overall execution cycles within a set num-
ber of iterations. Given X as input C code for an FPGA application, construct
a design space y= Z(k,X) where k signifies the possible pragma insertion points
for X and y gives the list of possible pragmas for X that have been appropriately
labelled with variable names and optimal factors. The RL agent then learns to
annotate X with the minimum number of pragmas from the exploration space
y with the aim to minimize the overall execution cycles within a set number of

iterations.

e We demonstrate the framework on common FPGA workloads that have been

analyzed in prior work [216] and on state-of-the-art HLS tools. Our results
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show that using AutoAnnotate on these baseline codes gives an average of 42x

performance improvement for AMD Vitis HLS and 3.42x for Intel HLS.

e We recognize that performance improvements over baseline HLL code can be
difficult to interpret. We have therefore hand-optimized these codes using a
procedure based on best practices [216] and again applied AutoAnnotate, this
time still achieving a 32.3x performance improvement for AMD Vitis HLS and

3.1x for Intel HLS.

e We obtain the unexpected result that, of all of the combinations, the best
performance was generally from running AutoAnnotate on the original baseline,
rather than either code that has only been hand-optimized or hand-optimized

code further optimized with AutoAnnotate.

The rest of this chapter is organized as follows. Section 4.2 discusses some of the
closely related work. Section 4.3 gives the motivation and background for using RL to
annotate codes for HLS. Section 4.4 presents the proposed framework, AutoAnnotate.
Section 4.5 lists the evaluation methods. Section 4.6 evaluates the effectiveness of the

approach using mainstream FPGA benchmarks. Section 4.7 gives the conclusion.

4.2 Related Work

Pragmas are inserted into source codes to give appropriate hints to the compiler and
guide its process of performance optimization. Source code annotation for perfor-
mance enhancement has been done several times; however, only a handful of publica-
tions have actually looked at the pragma insertion problem for HLS tools. To the best
of our knowledge, no one has yet used Reinforcement Learning to annotate generic
C' codes with pragmas for HLS workflows on any state-of-art HLS tool. Our work is

also the first in this category to verify that all transformed C codes indeed generate
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functionally correct codes.

In other work, Amiri et al. [19] explored code annotations with regards to data-
flow programming in streaming applications that have multiple kernels within a single
code. Similarly, the source-to-source compiler, SpecHLS [120] focuses on HLS kernels
that can benefit from speculative pipelining. Design Space Exploration for HLS [106,
218, 241, 279| focuses on heuristics-based approaches to sample the design space.
Other work identifies regions of interest, or predicts optimal factors, but for limited
directives such as loop unrolling or loop pipelining. Moreover, most of the work in this
domain uses performance estimation instead of actual synthesis with an HLS tool.
Since these quality-of-results (QoR) estimators are not the actual HLS tool, their
performance values might differ significantly from the correct results. Also, they may
not have proper verification of generated codes through regression testing. Some
work that does invoke downstream HLS tools has run-times of days. And, to the
best of our knowledge, few of these use state-of-art tools for performance estimation.
[235] presents an HLS optimizer for design space exploration within Merlin compiler.
Others, such as ScaleHLS [152], use their own QoR estimator to provide performance

estimates.

4.3 Background

In this section we look at the programmability model for traditional HLS tools and
the available “knobs” for users to pre-process their codes using directives/pragmas.
We find that the complexity motivates the RL assisted framework. We then discuss
an alternate pre-processing approach, namely, source code rewriting, and show that

it can be combined with RL. Our overall framework is presented in Section 4.4.
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Table 4.1: AMD Vitis HLS Pragmas Explored [18§]

Type Attribute Additional options
Function Inlining pragma HLS inline off, on
Interface Synthesis | HLS interface mode= ap fifo ;s axilite,

m axi; port; bundle;
offset; depth

Pipeline HLS Pipeline rewind; enable fush; II
Loop Unrolling HLS unroll factor

Array Optimization | HLS array partition | variable; dim; factor
type=cyclic,complete,block;

4.3.1 Programmability model for HLS tools

While HLS tools have raised the abstraction level for programming FPGAs, extract-
ing performance from the input code is still a challenge. HLL codes are traditionally
sequential, and typically written by developers with little knowledge of FPGAs’ es-
sential characteristics. Most HLS tools improve performance at their back-end by
leveraging data-level parallelism using dependency analysis. However, much paral-
lelism is still hard to predict. For this, tools such as AMD Vitis, Intel HLS, and
Microchip’s SmartHLS [18,; 143, 184| allow users to insert annotations to highlight
explicit parallelism, pipelining opportunities, or optimal memory interfacing.

The task of pragma insertion is notoriously demanding. Tables 4.1 and 4.2 list
some available pragmas for HLS tools that have been explored in this work. Since
applications investigated are single kernels, the scope of this study does not include
task level pipelining and structure packing using pragmas such as pragma HLS data
flow (along the lines of work presented in [19] for multiple kernels).

In HLS the constructs that have the highest impact on the final RTL micro-
architecture are functions, loops, and arrays. Typically, an HLS tool first converts
each function into a specific hardware component. For a given code, its ports and
functions can be either be inlined or not. Inlining is especially useful for functions

that are small and rarely called. These can be inlined into a larger caller function,
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Table 4.2: Intel HLS Pragmas Explored [143]

Type

Attribute

Additional options

Pointer Interface

var type*

restrict, volatile

Host Interfaces

ihc:mm host< var >&var

Data Width,

Alignment, Address Width,
Burst Width, Latency
Stable=1,0

Agent Memories

registers,memories

configurations= numbanks
writeonly, singlepump,
doublepump, bankwidth,
volatile

Constant Interfaces

stable argument

avalon agent
register argument

Loop Unrolling unroll factor
Max Concurrency max _CONncurrency 1,0
Max Interleaving max _interleaving 1,0
Other Loop #pragma ivdep
Optimizations loop coalesce, ii

disable loop pipelining factor
Global Optimizations | clang fp contract fast,on,off

Other Global

component pipelining
Optimizations

max__concurrency
use stall enable clusters

allowing operations within the inlined function to be shared and optimized effectively.
However, inlining can also worsen performance, specifically when the inlined function
needs to be called multiple times within the parent function [18].

Next, Loops can be unrolled completely or only partially. Unrolling introduces
hardware duplication. The amount of unrolling, however, is constrained by the mem-
ory bandwidth. Loops can also be pipelined with different initiation intervals. But
an inter-iteration loop carried dependency will cause loop pipelining to fail.

Finally, Arrays can be mapped to registers or memories of different types. This
is critical since interface contention—i.e., a RAM that allows fewer reads/writes than
accesses in the same iteration—will cause a bottleneck. Deciding on the optimal
number of concurrent ports for memory accesses is important so that if multiple
arrays are feeding data to a compute task, these arrays can be mapped to different
interface ports so as to access the data in parallel. Also, the data must be stored in

different memory banks or the accesses will become serialized. Declaring appropriate
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interface pragmas allows users to resolve such hardware contentions.

For designs with large numbers of loops, arrays, and functions, it is
impossible to systematically explore all of the different design-space com-
binations. To come close to an optimal solution, an expert who can adapt
rapidly is required. In this work, we have leveraged the particular capabil-
ities of Al so that the expertise and adaptability come from reinforcement

learning (RL).

4.3.2 Best Practices Optimizations of Baseline Codes

In prior work using source code transformation [102, 216, 304|, researchers bench-
marked common FPGA workflows by exploiting best practices of manual source code
reconstruction. These best practices come mainly from (i) vendor-specific best prac-
tices HLS tool reference manuals, (ii) universally applied code optimization strategies
such as use of loop unrolling and loop fusion; and (iii) FPGA-specific good practices,
such as allowing concurrent memory accesses, using memory bandwidth effectively,
and efficient resource binding. While applying best practices is compiler-agnostic, it
does benefit from programmer understanding of typical HLS compiler behavior and
of FPGA architecture.

An observation of note to this study is that, in some cases, source code reconstruc-
tion offers benefits not possible with annotations alone. This observation illustrates
limitations of current HLS compilers: not all performance can be extracted using
just compiler hints; in some cases programmer involvement is still required. Some

examples include:
e reordering of loops for spatiality and for exploiting input caching;
e loop tiling to remove loop carried dependencies;

e rewriting code to remove overlapping array accesses;



23

e fusing multiple loops to achieve runtime reduction;

e extracting task level parallelism by implementing independent tasks, such as

kernels, and connecting them using channels;

e restructuring code to remove conditional accesses and if-else conditions that can

create bottlenecks for parallel execution; and

e since some HLS compilers cannot estimate latency if a while loop is present,

converting them into for loops.

Accordingly, evaluations of HLS enhancements, such as those proposed in this
study, should have multiple baselines: the original code, but also code to which best
practices have been applied. The latter is essential since it represents versions of the
code that are in states that are (apparently) not accessible to these HLS compilers.
As a result our evaluations are with respect to both baseline code (version 1) and
code that has undergone programmer-based reconstruction as in Table 4.3. As we see
in Section 4.6, however, it turns out that AutoAnnotate on unoptimized code most
often gives the best results.

Figure 4-1 shows code optimizations performed by AutoAnnotate on matrix mul-
tiply. When the baseline code is run through AutoAnnotate, it outputs annotated
code that improves the latency by 7.3x. The baseline code is also hand optimized
(as outlined in [216]); these results are summarized in Table 4.3. We find the ver-
sion (#5) that gives the best performance; it is the same for both AMD HLS and
Intel HLS. Results are given in Figures 4-3; to summarize, there is a latency improve-
ment of 2.7x versus the baseline code. We then run the best hand optimized code
through AutoAnnotate and the annotated code improves the hand optimized code by
1.98x. In this case, the combined benefit of hand-optimization plus AutoAnnotate is

a speedup of 5.34x over the original baseline.
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Table 4.3: Summary of code versions and optimizations applied

| Version |

Optimization

1

CPU-like single kernel C code

Implement task parallel computations
in separate kernels connected using channels

Apply optimizations such as loop unrolling,
minimizing variable declaration using temps

Using constants for problem sizes and
data values to reduce off-chip memory access

Coalesce memory operations

Implement all optimizations proposed for
version 2 within a single kernel instead

Reduce array sizes to infer pipeline
registers as registers, instead of BRAMs

Perform computations in detail,using
temporary variables to store intermediate results

Sy O B~ W

Use predication instead of conditional branch statements
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#include <stdlib.hs #include <stdlib.h>
ddefine SIZE 1a24 #define SIFE 1824
#define BLOCK 254 #define BLOCK 512
void mmm(float* a, float* b, float* c) wodd man{ flaoat* a, float* b, flaat* c)
i
for {int j =&; j < SIZE; f++){ for (int j =8; j < SIZE; je+rH
float col_wector[SIZE]; float col_wvector[SIZE];
far {int §f = @ ; jj < SIZE; jj+ed . a for (int jj = B ; jj ¢ SIZE; jje+)
col_wector[{3] = b[i*S1ZE + §1; Best hand optimized col_vector[{§] = b[f*SIZE + §1;

for (int i = @ ; 4 ¢ SIZE; dis+){ — for (int 4 = @ ; i ¢ SEZE; i++){
row_wectar[SIZE]; flaat row_wector[SLIE];

for (int i1 = 8 ; i1 < SEZE; idws)

for (int ii = B ; 31 < SIZE; die+)
row_vector[ii] = a[i*SIZE + ii]; Latency row_vector[ii] = a[i*SIZE + ii];
float sum = @.8; i float sum = B.B;
for (int k = B; k « SIZE; ke+)f Imprnvement for {int k = @; k « SIFE; k+s BLOCK}
sum += {row_vector[k] * col_wector[k]);} 2 7x sum +={{ {{{{{{{(row_vector [k+2]*col_vectar
c[i*SIZE + j] = sum;}}} " [k#2]).....+(row_vector [k+511]*col wvectar [k+S12]3300030000:%

c[4*SIZE + j] = sum;}}}

[

AutoAnnotate ]

Latency Latency
improvement improvement
#include <stdlib.hs #include <stdlib_hx
#define SIZE 1424 7.3x #define S17E 1824 1.98x
#define BLOCK 254 #define BLOCK 512
finclude "HLS/Rls . h™ #include “HLE hHls. R"
component wodd men{ hls_avalon_agent_memory_argument (1824 component woid mem{ihc: mn_hostc float, ihc:i:aspacedls;
*gizeof( float )} hls_numbanks{l) hls_bankwidth({ie)} float* ihe: rawidthea*sizeof( float )», ihc::dwidth<®*sizeof{ float )»
a,hls_avalon_agent_register_argument float® b, »& a, hls_avalon_agent_memory_argument(1824 *sizecf( float )}
hls_avalon_agent_memory_argument(182d4 *sizeof| float )) Ffloat* float* b, hls_avalon_agent memory_argunent (1824 *sizeof( float
c} 1) float* c)
i 1
#pragma max_interleaving 1 for {int j =8; j < SIZE; j++){
for {int j =8; j « SIZE; je+ii float col_wector[SIZE];
float col wectar[SIZE]; #pragma unroll 8
Hpragma ii 1 for {int jj = 8 ; jj « SIZE; jj++)
for {int jj = @ ; jj <« SIZE; ji++) col_wector[jj) = b[jj*SIZE = §];
cal_wector[jj] = b[jj*SIZE + j]; #ipragma disable_loop_pipelining
#pragna disable lcop_pipelining for {int i = & ; i « SIZE; i++){
far (int i = B ; i < SIZE; ist){ float row_wector[SIZE];
float row_vectar[SIZE]; far (imt ii = @ ; ii < SIZE; ii+s)
#pragma unrcll B row_wector[ii] = a[i*SIZE + ii];
far (int i1 = & ; i ¢ SEZE; ddws) float sum = &.8;
row_wvectar[ii] = a[i*SIZE + di]; #pragma unroll 2
float sum & @.87; far {int k = B; k ¢ SIZE; k+s BLOCK){
#pragma wnroll 2 sun #={{[{{{{{{{{row_vector [k+B]*col_wector
for (int k = 8; k « SIZE; kee)y [k+&]).. .. .+{row_vector [k+311]*col_wector [ke5117)333030000;:}
sum += (row_vector[k] * col_wectar[k]);} c[i*SIZE + j] = sum;}}}

c[i*SIZE + §] = sum;}}}

Figure 4-1: Example output from AutoAnnotate for Intel HLS: MatrixMultiply
baseline code can be hand optimized using version 5 in Table 4.3 to increase perfor-
mance by 2.7x. AutoAnnotate inserts pragmas into each of the baseline and hand
optimized versions to increase performance by 7.3x and 5.34x with respect to the
baseline code.



56

. L

I [~ Code _
‘. Profiler | | Codejson

Testbench — Verification [— results_golden

main.c
- : m—) Pragma action space
HLS Tool [ Gemerator | —  —_"
OIS . best annotated code p . .,
Database ! : ..
. action /| FRAMEWORK /" | \reward:
3 list.append .
(action) state
[ Code Action _history
Verification : of applied
: Pragmas Latency

annotated
code

HLS tool

Pragma-inserted ‘uq results==results_golden
C code * g

D Y

Figure 4-2: AutoAnnotate: Proposed framework for automatic HLS annotations
using RL



57

4.4 The AutoAnnotate Framework

4.4.1 AutoAnnotate Design

The proposed framework for automated source code annotation for HLS is illustrated
in Figure 4-2. The C code is fed into the framework together with HLS tool specific
pool of pragmas. Tables 4.1 and 4.2 list the pragmas used in AutoAnnotate and
their various configuration options. Most of these pragmas feature placeholders that
must be correctly labeled with variable names, port designations, bundle names,
and offsets. Pragma-Generator addresses this by accurately labeling placeholders
based on variables extracted by the Code-Profiler. The labeled-pool-of-pragmas is
passed as action space to the RL framework. The RL agent selects pragmas and
the Code-Annotator places them at designated line numbers. The annotated code
undergoes latency evaluation, enabling the RL agent to learn which pragmas yield the
best rewards over time. Pragmas resulting in minimal latency after RL training are
integrated back into the original C code to output the best-annotated version, subject

to validation through co-simulation. The workflow of AutoAnnotate is detailed in

Sections A,B,C and D below.

4.4.2 Code Profiler

Input code is first fed into a code profiler that outputs code characteristics that are
required for HLS annotation. These include information about (i) various functions
in the code and their declaration points; (ii) variables in each function and their
names and attributes (e.g., pointer, read-only); and (iii) loops in each function, their

declaration points and nesting levels.
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4.4.3 Pragma Generator

The HLS tool-specific configurations are fed separately into the toolflow. Each config-
uration contains a directory of HLS tool-specific information such as (i) type/version
of HLS tool, (ii) built-ins that are supported after function declaration, and (iii)
pragma optimizing loops. Pragmas supported are given in Tables 4.1 and 4.2. Each
of these pragmas is categorized into a pool of function and loop pragmas. Func-
tion pragmas are inserted either after function declaration (AMD HLS) or within the
function arguments (Intel HLS). Similarly, loop pragmas are inserted either after for
loop (AMD HLS) or before it (Intel HLS). This information, together with the code
profiler output, is fed into a Pragma Generator.

The HLS Tool Configuration Database (see Figure 4-2) is the same regardless of
the source code and depends on the HLS tool and its version. This is like a registry
of possible pragmas supported by the tool. Most of these pragmas have placeholders
that need to be annotated with appropriate variables from the function and other
configuration values. The Pragma Generator labels the placeholders within each
pragma with all possible variable names and configuration options and outputs a list
of labeled pragmas and their insertion points for the specific source code. This list of

(pragma, insertion point) is fed as an action space to the RL framework.

4.4.4 RL based Environment

Reinforcement learning (RL) is an ML approach where an agent learns by continu-
ally interacting with its environment. We propose that an RL agent can learn code
characteristics and HLS tool annotations that work well together and so predict the
best code insertions for a given application. In contrast to supervised ML, the RL
agent can be tuned to optimize multiple objectives with large search spaces and does

not need pre-labeled data for training. An RL framework has two major compo-
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nents: i) the environment, or the problem to be solved, and ii) the agent, which is
used to perturb the environment and learn based on feedback. The smallest unit of
environment-agent interaction is typically a step. At each step, the agent predicts an
action that the environment should take. After taking the action, the environment
returns a reward, indicating the impact of the action, and an updated state, which
represents the change in the environment resulting from taking the action. The next
step then begins and a new action is predicted.

The above process continues until the environment indicates that a conclusion has
been reached. This collection of steps, from the first predicted action to the action
that causes the environment to reach a conclusion, is referred to as an episode. At the
end of an episode, the environment is reset and a new episode starts. A collection of
such episodes is referred to as an iteration. The agent is updated once per iteration.
At the end of each iteration, the learning portion of the RL framework updates a
policy (a deterministic or stochastic strategy) about which actions cause agents to
maximize their long-term, cumulative rewards. RL assumes that the environment is
Markovian, i.e., that the updated state depends only on the previous state and the
action taken. It also assumes that the action taken is only dependent on the current
state.

The RL framework for AutoAnnotate is set up as follows:

e Environment: The environment is composed of the HLS tool and the specific
application. It outputs the number of clock cycles needed to execute the target

application.

e Agent: Proximal Policy Optimization (PPO) is used as the reinforcement learn-
ing agent [219]. It is stable, easy-to-use, and gives good optimization decisions
for source code annotations. Based on its good performance, it is also the

default policy at OpenAT [194].
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e Action: Each action represents a single annotation decision. This could be
either one of the annotations generated by the pragma generator or a null ac-
tion specifying that the agent do nothing. These decisions are appended to an

ordered list of actions for the episode.

e Code Annotator: The list of actions suggested by the PPO agent is passed to a
code annotator after every episode. This includes the pragma and its insertion
point in the C code. The code annotator inserts all the actions recommended
by the RL agent into appropriate locations in the source code and outputs an

annotated code.

e State: In RL, a state represents the current environment that the agent is in. In
this case, a memory-based state that stores information about previous actions
taken within an episode is configured as the state. This is important since it
allows the agent to plan its next actions based on the current situation and
goals. This is referred to as an action history and is a list equal to the length
of the action space (output by the pragma generator). Each element of the list
is incremented and updated when a pragma corresponding to that list element
is applied. PPO learns to map the distribution of applied pragmas to the next
pragma that should be applied while maximizing the cumulative rewards across
time-steps in an episode. Since the possible action can also be a null pragma,
the agent is simultaneously forced to learn both the optimal combination and

the optimal number of pragmas to insert.

e Reward: The reward is defined as the difference in latency between the unop-
timized, unannotated code and the current step; lower latency thus results in
a higher reward value. The reward is set to a default value of 0 for each step,

except for the last step in the episode in which the actual latency is obtained
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by running through the HLS tool. Maximum Reward is defined as the highest

reward value obtained by any episode during training.

4.4.5 HLS Tool

In the current study we use both AMD Vitis HLS and Intel HLS. Moreover, adding
support for any HLS compiler is straightforward. The annotated code after each
episode is fed into the HLS tool and the post-synthesis reports generated are parsed
by the toolflow to output the latency values. HLS tools typically try to generate
scheduling algorithms based on the operating frequency. The frequency target and
FPGA type can also be altered according to user preferences. While the goal here
is reduction in latency, the system can also be set to optimize for area, or other
measure of resource utilization, or for both latency and resource utilization. These
are specified by reading the appropriate performance value from the tool and setting

it as the reward function for the RL agent.

4.5 FEvaluation Methods

4.5.1 Benchmarks

The seven benchmark codes in [216] are used for evaluation in this work: Needle-
man Wunsch (NW), Fast Fourier Transform (FFT), Range Limited Molecular Dy-
namics (RL), Particle Mesh Ewald (PME), Matrix Multiplication (MMM), Sparse
Matrix Dense Vector Multiplication (SpMV), and Cyclic Redundancy Check (CRC).
These were derived from mainstream FPGA benchmarks including Rhodinia [82] and
OpenDwarfs [72, 161], including an optimization in [288|. In the present work, we
have first validated their approach by porting their C code to Vitis HLS and In-
tel HLS. Here, and at all stages of the evaluation, we have verified correct program

execution.
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To obtain the baseline, the applications are all transformed into CPU-like single
kernel C code, the standard starting best practice (Version 1 in Table 4.3). Because
of the often orthogonal capabilities of programmer optimization versus code annota-
tions (as described in Section 4.3.2) we also apply AutoAnnotate to codes that were

transformed using the methods in Table 4.3.

4.5.2 Experimental Setup

The reinforcement learning framework is set up using Open Al Gym (0.21.0)’s en-
vironment interface, Ray (1.7.0) unified API, and Ray’s RLIib library to provide
the agent interface. Keras (2.6.0) is used to provide the neural net API for Python
(3.9). Tensorflow (2.6.0) is used for machine learning. Each test is run using a single
worker on a standard multi-core CPU, the same initial seed value for random number
generation, and a total training time of 300 iterations.

The HLS tools used are AMD Vitis 2021.1 and Intel HLS 23.3 [18, 143]. We set
the target frequency to 300MHz. Artix-7 is used as the default FPGA for AMD Vitis
HLS and Stratix 10 for Intel HLS. We believe that these methods for learning effective
code annotations are general and applicable to different versions of these tools as well

as to other HLS tools. Moreover, different FPGA types can also be chosen.

4.5.3 Applying Code Optimizations

Some details are as follows. First, Version 2 from Table 4.3 is omitted. It involves
leveraging task-level parallelism using multiple kernels; the focus here is on single
kernel optimization. Moreover, our premise is that the HLS compiler is still able
to automatically infer task parallel pipelines [216]; also, having a single kernel offers
several advantages such as reduced computation overhead and simple algorithmic flow
[145].

Figure 4-3 show the results of individual optimizations proposed by [216] per-
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AMD HLS: Speedup Achieved Relative to the Baseline by Applying Source
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Figure 4-3: Systematic optimizations performed in [10] are applied for AMD Vitis
HLS and Intel HLS. X’ indicates that either the version was not created since the
corresponding optimizations did not exist for the specific benchmark or the tool run
into a deadlock/compilation error.
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formed on top of the baseline code (Version 1) as evaluated using the AMD Vitis
HLS and Intel HLS tools. In [216] the authors observed that each subsequent ver-
sion of the source code restructuring typically increases performance. We find here
that source code rewriting does not give much benefit at all for multiple benchmarks
including FFT, RangeLimited, and CRC. For AMD HLS, the benefit is seen largely
in the systolic-array-based Needleman Wunsch benchmark, where each version gives
better performance than the baseline. Even here, however, Versions 4 and 5 unex-
pectedly give poor results when compared to the prior work. For Intel HLS, in the
case of PME, Version 3 optimizations give best results. In the case of MMM, for both
Intel and AMD, Version 5 gives best performance.

These findings highlights a crucial observation: the benefits of programmer-applied
optimizations, e.qg., based on best practices, are highly compiler dependent. For ex-
ample, pipeline stages are inferred differently by both HLS tools. Performing com-
putations in detail by storing intermediate results in pipeline registers has little to
no impact for AMD HLS, but results in improvements in some cases for Intel HLS.
This result is also heavily dependent on the application: dissolving branch state-
ments into conditional assignments gives performance improvement for MMM; for

other applications, however, there is little benefit.

4.6 Results

4.6.1 AMD HLS

Speedup achieved using AutoAnnotate

Figure 4-4 demonstrates the effectiveness of AutoAnnotate when compared to source
code restructuring proposed in [216]. We postulate that modern HLS compilers can
do a decent job at optimizing C codes without additional source code restructuring

and using HLS tool specific annotations only. The results in Figure 4-4 support this
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AMD HLS: Speedup Relative to Baseline - Code Restructuring from [10] versus AutoAnnotate
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Figure 4-4: The performance of proposed annotation framework, AutoAnnotate on
baseline source codes compared to source code restructuring proposed in [216]

claim for AMD Vitis HLS. Two versions are compared with the baseline. In the first,
the baseline code for each of the seven FPGA benchmarks is optimized using source
code rewriting; the code version that gives the maximum speedup is selected. In
the second, AutoAnnotate applied to the baseline code. The results show that the
RL agent does a good job at annotating code to enhance performance. On average,
AutoAnnotate improves the baseline codes by 42x versus source code restructuring
that improves it by 4.8x. At worst, AutoAnnotate gives performance comparable to
source code rewriting. This also answers one of the big questions in HLS: Is it possible
to perform better than source code restructuring using compiler annotations? The
answer, as backed by the results is Yes. For some applications such as NW, PME,
MMM, SpMV and CRC this is by a large margin. For the balance, FFT and Range
Limited, it is still possible to give slightly better (by 20%) or, at least, comparable

performance (within 5%).

Do random annotations also improve performance?

As discussed in Section 4.4 AutoAnnotate uses Proximal Policy Optimization (PPO)
as the RL agent. PPO updates its existing policy at each step in order to minimize
the cost function without deviating too much from the previous policy. Our goal here

is to understand how much of the performance gain (in Figure 4-4) is because of RL
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AMD HLS: Random Strategy - Speedup Relative to Unoptimizgscgzlgaseline
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Figure 4-5: Relative Speedup achieved by using base configuration (with PPO agent)
in AutoAnnotate versus using a random strategy to annotate code for equivalent num-
ber of iterations. X is used to denote the case when not even a single episode of ran-
dom annotations output compilable code; the proposed annotations were outputting
compilable errors on Vitis HLS

(PPO in this case); to do this we compare with a baseline random strategy. For the
random strategy, we replaced the PPO agent with simple nested loops that ran for
an equivalent number of steps, episodes, and iterations, and each time picked random
actions of length equal to the list of pragmas (as set up for PPO-RL toolflow as well).

The results are given in Figure 4-5. For five out of seven benchmarks, the ran-
dom strategy could not get even a single random occurrence of annotations with-
out compilation errors. This is because for Vitis HLS, only a small subset of prag-
mas/annotations can work well together. And since the random strategy does not
learn over time, for every iteration it ran into errors. For CRC and PME it was pos-
sible to get legal annotations even with random strategy, perhaps because the action
space of effective pragmas is so small that it is possible to pick the acceptable ones just
by chance. In both cases, however, the resulting performance was indistinguishable

from the original baseline code.
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AMD HLS: Speedup Achieved by Applying AutoAnnotate to
Restructured Source Code for each Benchmark
(Speedup is Relative to Unoptimized Code Structure)
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Figure 4-6: Impact of applying AutoAnnotate to each starting code version. "X’
indicates that code structure was not created since the corresponding optimizations
did not exist for the specific benchmark.The speedup >1 shows performance was en-
hanced by applying strategy of AutoAnnotate. Even for the worst case, performance
is equal to the unoptimized code. Baseline is the same as Version 1. Code structure
A refers to version 3, code structure B refers to version 4, code structure C refers to
version 5, code structure D refers to version 6 from Table 4.3.
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Combining code restructuring with AutoAnnotate

Intel HLS: Speedup Relative to Baseline - Code Restructuring from [10] versus AutoAnnotate
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Figure 4-7: Speedup achieved by using AutoAnnotate to insert Intel HLS pragmas
for both baseline and best source code restructured versions

Figure 4-6 shows the results of combining source code rewriting (as proposed
in [216]) with AutoAnnotate. For the established FPGA benchmarks, we choose
different code versions as proposed in Table 4.3 as our starting points. Code structures
A-D refer to versions 3-6. Our goal is to understand just how much performance
potential is achievable when AutoAnnotate is applied to each code structure. The

results show:

e Figure 4-3 gives the best source code version for each application, e.g., for NW,
it is version 4. Applying annotations on top of version 4 (code structure B) gives
a speedup of 2.67x as can be seen in Figure 4-6. For SpMV, we can improve
the best-case hand optimized code (code structure A-version 2 from fig 4-3)
using AutoAnnotate by 120x. On average, AutoAnnotate improves the best
hand optimized source codes by around 32.3x with respect to the unoptimized

baseline.

e Results in Figure 4-6 show that pre-processing using AutoAnnotate gives the
maximum performance benefit when applied to baseline code without any source

code restructuring. Exceptions include Range Limited where AutoAnnotate



69

applied to code structures A and D gives slightly better performance than when
it is applied to baseline codes; and SpMV where AutoAnnotate applied to code
structure A gives 3.16x better performance than when it is applied to the
baseline code. AutoAnnotate improves baseline codes by 42x, code structure
A by 3.54x, code structure B by 1.42x, code structure C by 2.77x and code

structure D by 2.65x.

e From the results we can also conclude that the HLS compiler in general, does
well at inferring pipeline stages and leveraging parallelism; further benefit can be
achieved by applying tool-specific annotations only (something that AutoAn-
notate does) without requiring to manually rewrite the code structure. This
is especially evident in the case of CRC. AutoAnnotate applied to every code
structure results in nearly identical performance improvement. It is also evident
in PME where AutoAnnotate applied to the baseline and to code structure C

give the same performance improvement.

4.6.2 Intel HLS

Combining code restructuring with AutoAnnotate

For Intel HLS we combined strategies evaluated in Sections 4.6.1 and 4.6.1. Hand
optimized versions as proposed in Table 4.3 were first run on the tool. The results are
given in Figure 4-3. Out of these, the maximum performance improvement possible
using hand optimizations (source code restructuring) for each workload is selected and
its performance advantage is displayed as green bar in Figure 4-7. Next, the baseline
codes for each workload are annotated using AutoAnnotate and the performance
improvement is given by the red bars. Lastly, the best source code restructured codes
are run through AutoAnnotate and the performance improvement possible is given

by the yellow bars. We note that in most cases, annotating the baseline codes gives
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performance improvement either better than, or at least comparable to annotating
the best source code restructured codes. AutoAnnotate improves the performance of

baseline codes by a geomean of 3.42x and best source code restructured by 3.1x.

4.7 Conclusion and Future Directions

We have developed an automatic source code annotation framework that replaces
developer expertise and effort with Reinforcement Learning. We found that there is
a substantial benefit to using AutoAnnotate, not only in automating the challenging
task of pragma insertion, but also in obtaining performance that is generally better
than that of applying programmer-directed best practices. In fact, this performance
benefit (of AutoAnnotate on the baseline code) extended even to the application of
AutoAnnotate to the hand optimized code. This last observation needs to be studied
further. It could be that these hand optimizations have somehow constrained the
degrees of freedom available to AutoAnnotate.

Going into this study we conjectured that a PPO agent could give good perfor-
mance. We found (see Sections 4.5 and 4.6) that the agent does indeed learn, not
only which annotations work well together, but also the minimum set of annotations
to give that performance. In the future we will explore replacing it with an even
“smarter” agent.

Also in this chapter we passed the history of applied annotations as a state for
the agent. This works since FPGA workloads are generally application-specific. This
is also important since only a handful of pragmas work well in combination with
each other for each application. Hence the RL agent learns the minimum number of
annotations that work well for that specific application. The information about code
features is captured during code profiling in order to generate code specific pragmas

for the application case. In the future we can incorporate the code profiling block
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into the RL framework. We can encode the state of the RL framework so as to
include code profiling information. This will drive the agent to learn not only the
best annotations but also the best insertion points in the code.

Finally, in this work, we ran each training case for 300 iterations so as to limit
the time in which we can output a pragma inserted C code. In the future, the agent
could be trained to run over an optimal number of iterations until performant pragma

inserted code has been achieved.
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Chapter 5

AnnotationGym: A Generic Framework for

Automatic Source Code Annotation

5.1 Introduction

Most popular compilers support annotations/pragmas as a way for programmers to
convey knowledge that can help the compiler to better optimize code [18, 87, 143, 280].
This includes constraints or hints about compute and memory operations that cannot
be easily expressed (if at all) due to the semantic and syntactic limitations of a high
level programming language. However, inserting annotations correctly and effectively
is challenging. Programmers need to know which annotations to use from a large pool,
where to insert them, and how to correctly define them to ensure code correctness
and performance. Moreover, this expertise may not port to every different compiler,
or even to different versions of the same compiler.

In this chapter, we present AnnotationGym, a framework for automatic code an-
notation that addresses these challenges. The goal is to supply developers with an
extensible tool that handles code annotations for a broad set of applications, compil-
ers, hardware, programming languages, developer expertise, and target goals. Given a
combination of target code and compiler, AnnotationGym leverages automated design
space exploration techniques, including Reinforcement Learning (RL) and Bayesian
Optimization (BO), to determine a performant set of annotations. RL has been
used for various aspects of performance optimization such as robotics[13, 122|, game-

playing|73, 233] and compiler auto-tuning tasks|94, 132, 254, 264]. We ask: Can these
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optimization algorithms also efficiently annotate source codes?

Specifically, this chapter makes the following contributions:

e An automated and portable approach to source code annotation that substan-

tially reduces requirements for developer effort and expertise;

e An extensible framework with well-defined interfaces that achieves generality
across compilers, benchmarks, computational hardware, and optimization algo-

rithms;

e A validation methodology incorporated within the framework to verify the func-

tional and semantic correctness of the generated annotation sets;

e Evaluations across multiple representative benchmarks, compilers, computa-
tional platforms, and optimization strategies that show the effectiveness of this
approach. For the evaluated benchmarks we obtain, on average, a 57x perfor-
mance improvement for Vitis HLS, 5.6 x for Intel HLS, and 1.8x for GCC. This

benefit persists when tested against otherwise optimized baselines.

The significance is as follows: (i) Makes a unique scientific contribution by being
the first work to apply ML and learning based algorithms to automating the inser-
tion of pragmas; (ii) Provides an end-to-end, effective tool for insertion of pragmas.
Gets excellent results using standard evaluation methods, e.g., post Place-and-Route
metrics of frequency and resource usage. Also, automates a standard code validation
method. (iii) Provides benefits across the spectrum of hardware design experience:
less experienced developers find potentially unfamiliar optimization strategies are au-
tomatically explored; experienced developers can port known hardware optimization
strategies without going through hundreds of pages of documentation to determine

compiler specific annotations.
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The rest of this chapter is organized as follows. Section 5.2 discusses related work
in automated code annotation. Section 5.3 presents the proposed framework. Section
5.4 describes the evaluation methods. Section 5.5 evaluates the approach. Finally,

Section 5.6 gives a conclusion and future directions.

5.2 Related Work

Several studies have explored automated code annotation; they are advanced here
though extensibility and generality, which also results in improved performance, in-
cluding over previously optimized code. AnnotationGym addresses limitations of

previous work both for CPU and FPGA code annotations.

5.2.1 CPU code annotation

Traditionally annotation libraries have been used to grant parallel semantics to code
syntax that is originally written to run sequentially; examples include OpenMP, Ope-
nACC, OpenHMPP, and OpenSs. A number of existing tools [21, 25, 99, 182, 209, 237]
target automatically inserting OpenMP pragmas into source code. These tools have
their own caveats: the output generated varies in format, i.e., source-to-source ver-
sus binary; pointer aliasing hinders parallelization; and additional checks are needed
to ensure that dependencies are avoided. Loop parallelization strategies also differ:
Cetus [99] deals with multi-core parallelization, while DawnCC [182] targets GPU
threading. Modern compilers support many more annotations in addition to stan-
dard ones supported by these tools.

Other frameworks explore the space of loop transformations, e.g., in Clang by em-
ploying LLVM’s polyhedral loop nest optimizer (Polly [159, 162, 280]), and optimizing
loop vectorization parameters inside Clang’s intrinsic pragmas [132]. AnnotationGym
explores a broader set of annotations not tapped by existing work, e.g., by provid-

ing options to turn on certain compiler optimization flags [114] and by supporting
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instruction set extensions [87].

5.2.2 FPGA code annotation

Much research in annotations for HLS has focused on design space exploration [106,
236, 241, 292, 297|. Such traditional heuristic based approaches such as simulated
annealing and genetic search are not efficient in searching the design space for HLS
codes. There is a need for highly efficient learner to analyze the search space and
problem explored. In our work we use a data-driven approach utilizing a reinforce-
ment learning agent. We strongly believe this is a promising approach for navigating
future HLS landscape. IronMan [279] is one work in this space that utilizes RL. How-
ever they have explored use of RL to identify optimal resource allocations between
DSP and LUT. We utilize the power of RL in not only identifying resource allocation,
but also optimizing loop transformations, identifying appropriate interfaces specific
to the HLS tool and optimizing the pipelines. In addition, IronMan uses RL learners
like Actor-Critic and REINFORCE. We explore Proximal Policy Optimizer that is
state-of-art and widely considered one of the best RL algorithms currently available
[194]. A limitation of policy gradient methods, including one used by IronMan is
that they require a substantial dataset. Our work utilizes PPO that is considerably
sample efficient and is robust and stable, making it a good choice to learn across
variety of HLS workloads. We also extend all prior works by also supporting auto-
matic insertion of annotations into the source code, thereby creating an end-to-end
flow. AnnotationGym leverages Al to automate the insertion of pragmas. It also
demonstrates the applicability of reinforcement learning (RL): this is significant since
RL reduces the search cost by using past data to drive optimization decisions [94].
Several studies identify regions of interest, or predict optimal factors for loop-based
HLS directives, such as unrolling or pipelining. A major contribution of this work

lies in creating a massive search space for multiple state-of-the-art HLS compilers and
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deriving performance also by leveraging HL.S directives for optimizing functions and
arrays. For example, authors in [19] have explored code annotations for data-flow
programming in streaming applications that have multiple kernels within a single
code. The source-to-source compiler, SpecHLS [120] targets a subset of HLS kernels
that can benefit from speculative pipelining strategies. [235] present an optimizer for
design space exploration within the Merlin compiler. Others, such as AutoScaleDSE
[152], use their own quality-of-results (QoR) estimator to provide performance esti-
mates and optimize for loop tiling and array partitioning.

Other contributions of AnnotationGym are as follows. First, to the best of our
knowledge, AnnotationGym is the first to explore HLS code annotation for Intel HLS.
Second, to improve training accuracy, AnnotationGym evaluates all performance re-
sults using downstream HLS tools. Third, it also supports complete verification. The
optimized codes are tested not only to ensure functional correctness, but also imple-
mented on the target hardware to evaluate run time, resource usage, and frequency
after place and route. And, finally, it demonstrates how annotated baseline codes

compare with respect to their hand-optimized versions.
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Figure 5-1: AnnotationGym: Framework Overview
5.3 Design of the AnnotationGym Framework

Among the design requirements for AnnotationGym are that it be extensible so that
new features can be added to the work flow; modular, so that different blocks can
be separately customized based on user requirements; and that it support validation
and verification. This means that AnnotationGym can be used for virtually any
combination of workload, compiler and design space exploration algorithm. The

proposed framework is illustrated in Fig. 5-1 and detailed below.
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{ "Insertion Peints": {"Global": {"Line": 3}},{"Function": {“Line": 13}}

1 #include <stdlib.h> "template_chars": {"@1":["Name"],"@2":["Factor"],"@":["Type"],"@3":["Bundle"],
2 #include <math.h> "@6":["size"], "@5" :["Type"].strip(“*”}},

3 "Functions": {"gemm":{

4 void gemm( "Function Variables": [

s int ni, — {"Name":"ni", "Argument”:1, "Type":"int", "pointer":8,"line":5, "read_only": 1},

6 int nj, C/C++ source I {"Name":"nj","Argument":2, "Type":"int", "pointer":8,"line":6, "read_only": 1},

7 int nk, code {"Name":"nk", "Argument”:3, "Type":"int", "pointer”:8,"line":7, "read_only": 1},

g8 int alpha, {"Name":"alpha", "Argument":4,"Type":"int","pointer":8,"1ine":8, "read_only": 1},
9 int beta, {"Name":"beta", "Argument"”:5, “Type":"int", "pointer":8,"line":9,"read only": 1},
18 int* C, {"MName":"C","Argument”:6,"Type":"int*", "pointer”:1,"1ine":1@, "read_only": @},
11 int* A, {"MName":"A","Argument”:7,"Type":"int*", "pointer”:1,"1ine":11, "read_only": 1},
12 int* B){ {"Name":"B","Argument":8,"Type" :"int*","pointer”:1,"1line":12,"read_only": 1}],
13 "Loops": [

14 for (int 1 = @; i < ni; i++) { {"ID":1,"Nested Level®:@,"Outer Loop ID":@,"loop_iterator”:{"Name":"ni","Type":
15 for (int j = @; j < nj; j++) “int","1line": 14}},

16 C[i*nj + j] *= beta; {"ID":2,"Nested Level":1,"Outer Loop ID":1,"loop_iterator":{"Name":"nj","Type":
17 for (int k = @8; k < nk; k++) { “int","1line": 15}},

18  for (j = @; J < nj; j++) {"ID":3,"Nested Level":1,"Outer Loop ID":2,"loop_iterator":{"Name":"nk","Type":
19 C[i*nj + j] += alpha * A[i*nk + “int","1line": 17}},

k] * B[k*nj + j];}}} {"ID":4,"Nested Level":2,"Outer Loop ID":3,"loop_iterator":{"Name":"nj","Type":

"int","line": 18}}],
| Code o “API": “gemm({ni,nj,nk,alpha,beta,C,A,B)"}}}

Figure 5-2: Code Analyzer: Source code is parsed and analyzed to create structured
representation

5.3.1 Code Analyzer

The target source code (C/C++) is first parsed and analyzed to extract its annota-
tion potential, i.e., the unique ways that the code can be annotated, and also details
necessary for further processing. These include: (i) locations in the source code where
annotations applicable to the entire code (global scope) can be inserted; (ii) functions
in the code, including their declaration points, lists of function arguments and lo-
cal variables, and lists of loops; (iii) arguments and variables within each function,
including names and types (e.g. pointer and read-only); and (iv) loops within each
function, including declaration points, unique ID, structural details (loop nesting lev-
els), and loop iterator information (name and type). Once the required details have
been extracted, a structured representation of the code is generated. Fig. 5-2 shows
the code analyzer output for gemm (general matrix multiply).

The output from the Code Analyzer is same regardless of the compiler. This
output is used by the Optimization Space Generator (OSG) to determine where an-

notations can be inserted, and provides context for annotations that target specific
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code variables/arguments.

5.3.2 Compiler Configurations

Compiler configurations are specific to a compiler and provide the information needed
by the framework for generating annotations, compiling code, performance measure-
ment, and validating results. As an example, the compiler configuration script for
Intel HLS is shown in Fig. 5-3. Annotations for loops, data interfaces, and functions
as a whole (global) are registered separately. Similar scripts are also generated for
other compilers such as Xilinx HL.S and GCC. If a user wants to register an annota-
tion/directive into the framework, they can simply append their information into the
compiler configuration script for the specific compiler. The configuration file provides
details such as:

Compiler specific commands for i) compiling and running, ii) profiling and
evaluating with respect to the target metric, and iii) validating the annotated source
code. As a default, the evaluation metric is configured as the latency in cycles. Users
can also optimize for other metrics, such as area, or a combination thereof. These
commands can be arbitrarily complex; and any additional files needed to support the
execution of these commands can be linked during compile and/or run-time. Thus
virtually any combination of tooling can be interfaced by the framework.

A list of annotations supported by the compiler is organized into three
categories: Global, Function, and Loop. Global annotations include high level opti-
mization options and target hardware specific options. Function annotations typically
convey information about function variables, such as memory type, alignment, and
memory arguments. These attributes can also be specific to the target hardware, such
as array partitioning, type of memory protocol, interface bundles, latency, and, for
HLS [18], alignment byte size. Loop annotations are applicable to individual loops,

e.g. unroll, flatten, merge, and pipeline. For some annotations, context from the code
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is needed to properly apply the annotations, e.g. variable names, types, and factor

values.

5.3.3 Optimization Space Generator

The Optimization Space Generator (OSG) abstracts the code and compiler details
from the rest of the framework, specifically, through the following.

(i) Annotation Generation: The OSG takes its input from the code analyzer and
compiler configuration, and outputs a list of possible annotations and their corre-
sponding insertion points for the specific source code. This is done by traversing the
different IDs assigned to global, function, and loop-level annotations. It then short-
lists the names and types of variables in each function and generates annotations
with details in the appropriate namespaces. These details include variable names,
types, and sizes; interface-specific details such as bundle sizes; and optimal factors
for unrolling.

(ii) Code Annotation: The Framework Manager provides the OSG with a list of
annotations to be applied. The OSG then parses the source code and inserts each an-
notation at the appropriate location in source code. Finally it outputs this annotated

version of the source code.

5.3.4 Optimizer

AnnotationGym is not tied to any specific learning algorithm or optimization strategy:.
Instead it allows the user to choose the optimization technique best suited to the
problem. The Optimizer has the following inputs:

(i) Number of exploration rounds: The number of source code annotations that
will be tested by the Optimizer to reach a final best case. Typically, the greater the
number of trials, the more likely the Optimizer is to learn a best set of annotations.

However, this also increases the training time and must itself be optimized according
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to the application and the learning rate of the Optimizer algorithm.

(ii) Optimization Space is represented as a list of all annotations, as well as a range
of values that can be selected for each annotation. In the simplest case, this is a 0
(apply) or 1 (skip). The exact range for each annotation and the significance for
each value in the range are both handled outside the Optimizer. This allows greater
control over the design space exploration (e.g., adding biases) without modifying or
restricting the Optimizer itself. The Optimizer is also provided with a reference to the
reward function, which takes as input a list of annotations and their corresponding

values as determined by the algorithm.

5.3.5 Framework Manager

The Framework Manager coordinates the OSG, the Optimizer, and any calls to tools
outside the framework (such as compilers and profilers). It begins by initializing
the OSG object. The OSG object returns a list of all possible annotations. The
Framework Manager uses this list, as well as any user- or compiler-specific constraints,
to create an effective action space for the Optimizer. Next, this space is passed to the
Optimizer along with the user-specified number of rounds of optimization exploration
and a reference to the reward function. The Framework Manager receives the output
of the Optimizer and the list of Optimizer-suggested annotations, together with their
insertion points is passed to the OSG.

The OSG, in turn, annotates the code. Using information given by the compiler
configuration, the Framework Manager can launch compilation, profiling, and vali-
dation runs for this annotated code. To support these operations, the Framework

Manager contains two modules, which are described next.
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Verifier

The Verifier has two primary responsibilities.

(i) Pruning: This step applies to CPU codes only. The list of annotations from
the OSG can be pruned to remove illegal annotations and reduce the search space.
Currently, pruning is done by applying each annotation individually to the source
code and validating the resulting code using the compile command of the specific
compiler. Thus pruning is an optional step that can improve results for a subset of
compiler-code pairings. It is especially useful for code annotations within GCC and
LLVM when alignment-specific information is provided by the User Validation Set
(as seen in Fig. 5-1) and memory locations of specific arrays overlap. In this case
applying the pragma _ builtin _assume aligned might produce wrong results and
hence will be pruned.

(ii) Validation: To validate an annotated code, the framework evaluates correctness
using a user-specified validation set. For HLS compilers, this is a typical testbench file
used to ensure that the RTL generated is functionally equivalent to the source code.
For CPU compilers, this step ensures that the output is same as for the unoptimized
source code. To improve turnaround time, validation is not done at every exploration
round, but only for annotated code whose performance exceeds the current best re-
sult. If validation succeeds, the best case result is updated. Otherwise, the set of
annotations is discarded; this action is indicated to the Reward Function and the
reward is updated accordingly. Fig. 5-4 shows an example of optimal annotated code

output for three compilers.

Reward Function

The Reward Function is responsible for running the compilation and profiling steps

on the OSG code output and determining the resulting reward values. It is also
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responsible for shaping the reward if both the measurement decreases with increasing
code performance and the validation fails. The reward function also keeps track

of i) the best reward and its corresponding annotations and ii) the mapping of the

Optimizer action space to the actual design space.

Table 5.1: GCC Pragmas Explored [113]

Builtin Additional Options Additional Details
if (n==0) || n%x != 0) Tells the compiler that
__builtin_unreachable ox — 8, 15, 32 the loop limit size will al-
ways be nonzero or a mul-
en = loop limit tiple of x.
__builtin_assume (block_size < Used for nested loops
n && n% block_size == 0) en = loop
limit
var_x = (var_x_typex) Tells the compiler to as-
_ builtin_assume_aligned en =8, 32, 64 sume .Certain alignments
(var_x, n) for pointers.
e type =
int/double/float
#pragma GCC ivdep Compile with | Tells the compiler to vec-
-ftree-vectorize torize a loop even if it is
not vectorized due to pos-
sible aliasing.
#pragma omp simd Compile with | OpenMP  optimization
-fopenmp-simd supported outside of
GCC annotations.
#pragma GCC optimize x Global optimization op-
o x = tions.
unroll-loops,
Ofast, 03,
fast-math,
inline
fpragma GCC target x Global optimization op-
e X = avx, avxz, tions.
fma, bmi, bmi2,
lzcnt, popcnt,
tune=native
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{"COMPILE_COMMAND":"i++ code.c -march=5tratixl® -o output --simulator none --fpga-only --clock
388MHz",

"WALIDATE_COMMAND" :"i++ -march=5tratix1® -ghdl main.c -o main && ./main",

"REWARD EVALUATE":{"LATENCY"},

"ANNOTATION TYPE":{

"builtins for pointer interfaces™: [

{"ID" :"Pointer_Interface”,"Mams":"@4 "},

{"ID" :"Pointer_Interface™, "Name":"@4 _ restrict "},

{"ID" :"Pointer_Interface”,"Name":"ihc::mm_host< @5, ihc::aspace<l>, ihc::awlidth<4#*sizeof( @5 }»,
ihc::dwidth<8*sizeof( @5 )», ihc::align<8*sizeof( @5 )» »>& "},
{"ID":"Pointer_Interface","Name":ihc::mm_host< @5, ihc::aspace<l>, ihc::awidth<d*sizeof( @5 ),
ihc:dwidth<&*sizeof( @5 )» :& "},

{"ID":"Pointer_Interface","Name":"ihc::mm_host< @5, ihc::aspace<2:, ihc::dwidth<B8*8*sizeof( @5 )>,
ihc::latency<@x, ihc::maxburst<8>, ihc::waitrequest<true> »>& "},
{"ID":"Pointer_Interface","Mame":"ihc::mm_host< @5, ihc::aspace<2s, ihc::dwidth<B8*B*sizeof( @5 )»,
ihc::latency«<@», ihc::maxburst<8>, ihc::align<B*sizeof( @5 )», ihc::waitrequest<true> >& "},
{"ID":"Pointer_Interface","Name":"hls_avalon_agent_memory_argument( @6 *sizeof( @5 )) @4 "},
{"ID":"Pointer_Interface","Name":"hls_avalon_agent_memory_argument( @6 *sizeof( @5 )) hls_numbanks(4)
hls_bankwidth(4) @4 "},

{"ID":"Pointer_Interface","Name":"hls_avalon_agent_memory_argument( @6 *sizeof( @5 )) hls_numbanks(1)
hls_bankwidth(1l6) @4 "},

{"ID":"Pointer_Interface"”,"Name":"hls_doublepump hls_awvalon_agent_memory_argument| @6 *sizeof( @5 ))
volatile @4 "%},

{"ID":"Pointer_Interface","Name":"hls_numbanks(l) hls_singlepump hls_avalon_agent_memory_argument (@&
*sizeof( @5 )) hls_readwrite_mode(“writeonly™) wvolatile @4 "},
{"ID":"Pointer_Interface","Name":"hls_avalon_agent_register_argument @4 "}],

"builtins for constants": [{"ID":"Constant_Interface”,"MName":"@4 "

},{"ID": "Constant_Interface","Name":"hls_stable_argument @4 "

},{"ID": "Constant_Interface","Name":"hls_avalon_agent_register_argument @4 "}],

"pragmas before for loop": [{"ID":"Loops","Name":""},{"ID":"Loops","Name":"#pragma unroll
@2"},{"ID": "Loops", "Mame" : "#pragma max_concurrency 1"},{"ID":"Loops"™, "Name":"#pragma
max_interleaving 1"},{"ID":"Loops", "Name" : "#pragma max_interleawving

8"}, {"ID":"Loops"™,"Name" : "#pragma disable_ loop pipelining"}, {"ID":"Locops","Name":"#pragma ii

1"}, {"ID":"Loops™, "Name" : "#pragma iwvdep™}, {"ID":"Loops™, "MName":"#pragma loop_coalesce™}],

"global": [{"ID":"Global","Name":"#pragma clang fp contract(fast)"}, {"ID":"Global", "Name":"#pragma
clang fp contract(off)"}, {"ID":"Global", "Mame":"#pragma clang fp contract{on)"}, {"ID":"Global”,
"Name":"#pragma clang fp reassociate(on)”}, {"ID":"Global”, "MName":"#pragma clang fp
reassociate{off)}"}, {"ID":"Global","Name":"hls_disable_component_pipelining”},
{"ID":"Global™, "Name" :"hls_max_concurrency(@)"},

{"ID":"Global"”, "Name":"hls_use_stall_enable_clusters"}]1}}

Figure 5-3: Example: Compiler Configuration Script Intel HLS
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void kernel_gesummv(int n,int alpha,int #pragma GCC target(“avx2") void kernel_gesummv(int n,int alpha,int beta,int* A,int* B,int* tmp,int*

beta,int* A,int* B,int* tmp,int* x,int* y) #pragma GCC optimize("03") x,int* y)

{int i, j void kernel_gesummv(int n,int alpha,int beta,int® {

for (i = @; i ¢ n; i++){ A,int* B,int* tmp,int® x,int* y) #pragma HLS INLINE
{ #pragma HLS INLINE off
3 y = ( int* )_builtin_assume_aligned( y , 64 ); #pragma HLS INTERFACE mode=s_axilite port= beta
for (5 = 85 § < n; JH){ if (n == || n%32 1= 8 ) _builtin_unreachable(); #pragma HLS INTERFACE m_axi port= x depth=16 offset=slave bundle= gnemd

tmp[i] = A[i*n + ] * x[§] + tmp[i]; B = ( int* )_builtin_assume_aligned( B , 32 ); #pragma HLS INTERFACE mode=s_axilite portsreturn
y[4i] = B[i*n + 3] * x[3] + y[il;} A= ( int* )__builtin_assume_aligned( A , 8 ); #pragma HLS INTERFACE m_axi depth=256 port= A offset=off

y[i] = alpha * tmp[i] + beta * y[i];}} #pragma HLS INTERFACE m_axi port= B depth=256 offset=slave bundle= gmem2
#pragma HLS INTERFACE mode=s_axilite port= n
#pragma HLS INTERFACE mode=m_axi port= y depth=16 offset=off

#pragma HLS INTERFACE m_axi depth=16 port= tmp offset=direct

—GCC for (J = @5 J < nj J+){ int 1, j;

) tmp[i] = A[i*n + 3] * x[j] + tmp[i]; for (i=08; 1< nj i+){
AnnotutfonGym y[i] = B[i*n + j] * x[§] + y[i];} #pragma HLS PIPELINE II=1
alpha * tmp[i] + beta * y[i];}} #pragma HLS PIPELINE rewind

i tmp[i] = @;
component void kernel_gesummy( Intel HLS Vitis HLS y[i] = e;
hls_avalon_agent_register_argument int n, for (3 =@ J <n; j+){
hls_stable_argument int alpha, twp[i] = A[i*n + 3] * x[§] + tmp[i]5
hls_stable_argument int beta, y[i] = B[i*n + §] * x[3] + y[i];}
hls_avalon_agent_memory_argument( 256 *sizeof( int )) hls_numbanks(4) hls_bankwidth(4) int* A, y[i] = alpha * tmp[i] + beta * y[i];})}

hls_avalon_agent_memory_argument( 256 *sizeof( int )) hls_numbanks(1) hls_bankwidth(1§) int* B,
h1s_avalon_agent_memory_argument( 16 *sizeof( int )) hls_numbanks(4) hls_bankwidth(4) int* tmp,
hls_avalon_agent_memory_argument( 16 *sizeof( int )) hls_numbanks(1) hls_bankwidth(16) int* x,
hls_avalon_agent_memory_argument( 16 *sizeof( int )) hls_numbanks(4) hls_bankwidth(4) int* y)
{int 4, §;
#pragua disable_loop_pipelining
for (i =8; 1 ¢ n; iee){
tmp[i] = @;
yIi] = o
#pragma disable_loop_pipelining
for (3 = €5 3 < n; J+4){
tmp[i] = Ali*n + J] * x[J] + tmp[i];
y[i] = B[i*n + 5] * x[3] + y[i];}
y[i] = alpha * tmp[i] + beta * y[i];}}

Figure 5-4: Example of automatically pragma-injected code output by Annota-
tionGym for GCC, Vitis HLS, and Intel HLS.
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Table 5.2: Xilinx Vitis HLS Pragmas Explored [18]

Type Attribute Additional options
Function Inlining pragma HLS inline off, on
Interface Synthesis | pragma HLS interface mode= ap_fifo ;s axilite,

m _axi; port; bundle;
offset; depth

Pipeline pragma HLS Pipeline rewind; enable flush; IT
Loop Unrolling pragma HLS unroll factor

Array Optimization | pragma HLS array partition | variable; dim; factor
type=cyclic,complete,block;

5.4 Evaluation Methods

5.4.1 Benchmarks

The framework is evaluated using the Polybench/C benchmark [204] (version 4.2.1).
This benchmark is chosen because: (i) the majority of the work in code optimization
(CPU,FPGA) has been evaluated using this [11, 71, 132, 138, 151, 152, 235, 278,
279, 290, 298, 299| and (ii) it contains a wide range of practical applications and so
is appropriate for general evaluation. For FPGA backends, we have also evaluated
other popular FPGA workloads such as (1) Needleman Wunsch (NW) (16K x16K) (2)
Particle Mesh Ewald (PME) (100,000 particles and 32 x 32 x 32 grid, and (3) Sparse
Linear Algebra (SpMV) (1K x 1K matrix). These are derived from mainstream FPGA
benchmarks including Rodinia [82] and OpenDwarfs [72, 161].

We have edited the benchmarks such that all arrays are referenced as pointers.
This is done to bring the code into more common representation. Some languages
(as opposed to libraries) do not have an array data type. Pointers allow for a more
general representation of the data. However, languages sometimes do not convey
much knowledge of the extent of the pointer. Annotations provide one way to guide

compilers about overlapping memory and alignment of the pointers.
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Table 5.3: Intel HLS Pragmas Explored [143]

Type Attribute Additional options
Pointer Interface var_type* restrict, volatile
Host Interfaces thc:mm_host< var >&var configurations=Data Width, Stable=1,0,

Alignment, Address Width,

Burst Width, Latency

Agent Memories agent registers, agent memories configurations= hls_numbanks
hls_writeonly, hls _singlepump,

hls~ doublepump, hls bankw1dth volatile

Constant Interfaces hls stable argument hls_avalon agent register argumcnt
Loop Unrolling #pragma unroll factor

Max Concurrency A#pragma max __concurrency 1.0

Max Interleaving Zpragma max _interleaving 1.0

Other Loop #pragma ivdep

Optimizations #pragma loop coalesce

#pragma ii
#pragma disable loop pipelining | factor

Global Optimizations | #pragma clang fp contract fast,on,off
Other Global hls disable component pipelining
Optimizations hls” max_ concurrency

hls” use stall enable clusters -

5.4.2 Target Hardware and Compilers

We evaluated the framework for both CPU and FPGA targets. For CPU optimiza-
tion, we used GCC-11.3.1-3. The codes are compiled using the -0O2 -std=c99 -ftree-
vectorize -mcpu=znver3 flags; the assembly codes are then piped directly into llvm-
mca [175] for performance analysis. Additional compilation flags that are required
by certain annotations are encoded by the OSG during the Annotation Generation
phase. For example, for GCC, #pragma omp simd allows users to take advantage
of OpenMP’s thread parallelization, especially for loops that do not auto-vectorize
when the -0O3 flag is applied. This pragma requires an additional flag -fopenmp-simd
in order to work. The OSG ensures that the right flags are supplied together with
the annotation.

The compiler configurations explored are given in Table 5.1. Alias analysis is an
important part of an optimizing compiler since the C language, in general, does not
prohibit overlapping memory regions. This information can be conveyed by inserting
the pragma  builtin _assume aligned at the appropriate location and labelled with
appropriate pointer type and variable names. Similarly #pragma GCC ivdep can be

used by the programmer to assert that there are no loop carried dependencies and,
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hence, that the instructions can be executed in parallel. GCC allows some global
annotations that can be inserted at the beginning of the code and applied to all the
functions that follow. These include #pragma GCC optimize(options) and #pragma
GCC target(options). Another, #pragma GCC optimize (Ofast), tells the compiler
to assume associativity and hints about auto-vectorization. #pragma GCC target
allows the compiler to make use of certain instruction set extensions. These can favor
execution of other pragmas or generate SIMD instructions. However, while these
annotations are used to increase application performance and exploit parallelization
and vectorization, they can also cause a program to crash or make the code slower.

For FPGA optimizations, Xilinx Vitis HLS (version 2022.1) and Intel HLS (ver-
sion 23.3) are used. The Xilinx target device is an xc7al00tfgg676-2L; the Intel target
devices are Stratix 10 and Cyclone 10GX. The target frequency is 300 MHz for both
tools. The pragmas explored for Xilinx HLS are given in Table 5.2; those for Intel
HLS in Table 5.3.

We note that the scope of this study does not include task level pipelining and
structure packing using pragmas such as pragma HLS dataflow. #pragma HLS inline
allows the user to inline a function and its ports. However, inlining can also worsen
performance, specifically when the inlined function needs to be called multiple times
within the parent function [18]. Similarly, appropriate interfaces and their options
must be defined for each function variable since interface contention will cause a
bottleneck: e.g., for a RAM that allows fewer reads/writes in the same iteration.
#pragma HLS unroll allows users to unroll loops. Unrolling introduces hardware du-
plication. However, the amount of unrolling is constrained by the memory bandwidth.
Hence this can speed up the computation, but can also cause deadlock.

For Intel HLS, one way to mitigate poor performance from the Avalon Memory

Mapped Host Interfaces is to configure its properties such as data width, max burst,
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Figure 5-5: Relative Speedup achieved by using AnnotationGym for GCC with 2
different Optimizers: RL-PPO and BO

alignment, and read latency. If Avalon Memory Mapped Agent Memories are created
for the specific variable, then their corresponding memory attributes—such as number
of memory banks, bank width, readwrite mode, and single versus double pump—can
be optimized. Similarly, the HLS compiler allows the use of the volatile keyword to
allow concurrent agent memory accesses and the restrict keyword to prevent memory
dependencies. When possible, loops can be coalesced to reduce area and latency. The
#pragma disable loop pipelining allows users to mitigate loop-carried dependencies
by generating simple sequential datapaths.

To summarize: for both CPU and FPGA, an intelligent strategy is required to
learn the list of annotations most suited to a code pattern. AnnotationGym provides

both strategy and framework to annotate and validate the source code.
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5.4.3 Evaluated Optimizers

AnnotationGym evaluates using two different optimizers. Reinforcement Learning

and Bayesian.

Reinforcement Learning (RL)

RL is an ML method where an agent learns by interacting with its environment. RL
assumes that the environment is Markovian, i.e., that the updated state depends on
the previous state and the action taken. It also assumes that the action taken is only
dependent on the current state. Proximal Policy Optimization (PPO) [219] is an
on-policy, model-free RL technique with the goal of learning a policy, i.e., a state-to-
action mapping that maximizes rewards accumulated over time. We propose that an
RL agent can capture code characteristics and compiler annotations that work well
together and so enable the learning of a model that predicts best code insertions for
a given application.

RL is set up using Open AI Gym (0.21.0) to provide the unified environment
interface, Ray (1.7.0) to provide the unified API for reinforcement learning, and its
RLIib library to provide the agent interface. Tensorflow (2.6.0) is used for ML tasks,
together with Keras (2.6.0) to provide the neural net API for Python (3.9). To
ensure standardization, each test is run using a single worker on a standard multi-
core CPU, a total training time of 300 iterations, and the same initial seed value for
random number generation. These details can be modified by the user. Other details
for the RL Optimizer are as follows.

Action: Each action represents a single annotation decision. This could be either
one of the annotations generated by the pragma generator or a null action specifying
that the agent do nothing. These decisions are appended to an ordered list of actions
for the episode. The list of actions suggested by the PPO agent is passed to the OSG

after every episode. This inserts the actions into appropriate locations in the source
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code and outputs an annotated code.

State: A histogram of applied annotations is used to represent the state; this is
referred to as an action histogram. To implement this histogram, a list is initialized
of length equal to that of the optimization space generated by the OSG; each element
of the list is incremented and updated when a pragma corresponding to the pragma
number is applied. The agent learns to map the distribution of the number of pragmas
applied to the next pragma that should be applied. The learning can be seen from
the overall increase in the average sum of rewards across episodes. Since a possible
action can also be a null pragma, the agent is simultaneously forced to not only learn
the optimal combination, but also an optimal number of pragmas to insert.
Reward is defined as the difference in latency between the unoptimized /unannotated
code and the current step; lower latency thus results in a higher reward value. The
reward is set to a default value of 0 for each step, except for the last step in the
episode in which the actual latency is obtained from the HLS tool. Mazimum Reward
is defined as the highest reward obtained by any episode during training.

Episode size: The episode size is fixed to the length of possible pragmas for the
code, i.e., the length of the action space. This also bounds the size of the action

histogram.
Bayesian Optimization (BO)

BO is a framework for sample-efficient gradient-free optimization of functions. At a
high level, the framework operates by alternating between using a surrogate model
of the function to pick a new point to sample, and updating the surrogate model.
The surrogate model is usually a Gaussian process model. The search space/domain
consists of all possible combinations of pragmas with their associated factors and
options inserted into the code. BO is setup using BoTorch 0.8.0 and ax-platform

0.2.10.
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5.5 Results

5.5.1 CPU Optimizations

Table 5.4 shows speedups obtained by annotating benchmarks from Polybench/C
using AnnotationGym. The results were evaluated by running 100 iterations of each
kernel using the tool llvm-mca [175] and comparing the latency. The base codes are
the unoptimized source code. The speedups show how much gain is possible using
the different Optimizers within AnnotationGym. We observe a 1.8x average increase
in performance when using simple annotations listed in Table 5.1.

For most benchmarks RL-PPO and BO give the same speedup. However, for
fdtd-2d and durbin, RL-PPO outperforms BO. BO allows users to set optimizer-
specific configurations such as bias. Similarly, RL-PPO allows users to configure
hyperparameters. Tuning these Optimizer-specific configurations per benchmark can
improve the learning rate.

AnnotationGym annotates the code with the discovered pragmas and ensures
through robust validation that the pragmas preserve codes’ semantics and function.
Our results have shown, while an intelligible annotation can enhance performance by
a geomean of 1.8x, a bad annotation set can degrade the performance by an average
of 2.8 (up to 5.48x) across the evaluated benchmarks.

Fig. 5-6 shows the impact of applying a wrong set of annotations for the evaluated
benchmarks. We note that up to 5.48x performance degradation can occur if a bad
sequence of annotations is inserted into the source code. This further highlights the

importance of AnnotationGym.

5.5.2 FPGA Optimizations

In the current study we have used both Xilinx Vitis HLLS and Intel HLS. The pragmas
included in the compiler configuration for each HLS compiler are given in Tables 5.2

and 5.3. After every episode the annotated code is fed into the HLS tool and the
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Table 5.4: Speedups factors achieved for GCC for two optimizers

Application | RL-PPO [ RL-BO
2mm 141 141
Jmm 1.07 1.07
adi 1.26 1.26
atax 1.80 1.80
bicg 1.00 1.00
correlation 1.06 1.06
covariance 1.45 1.50
deriche 1.42 1.42
doitgen 1.33 1.33
durbin 1.21 1.00
fdtd-2d 2.57 2.45
floyd-warshall 2.39 2.39
gemim 1.08 1.08
gemver 1.56 1.56
gesummy 1.19 1.19
gramschmidt 1.43 1.43
heat-3d 2.75 2.75
jacobi-1d 5.27 5.27
Jacobi-2d 2.28 2.28
syrk 1.49 1.49

Table 5.5: Comparison of sizes of annotation spaces explored by AnnotationGym
with respect to prior work [297]

Application | AnnotationGym | Comba|297] | Difference
atax 7.21E+16 1.3TE+08 5.50E+08
bicg 1.44E+17 5. 76E+08 2.50E+08
gemm 5.63E+-14 1.05E410 5.36+04
gesummy 2.25E-+15 8.39E+08 2.68E+06
syr2k 5.63E+-14 1.05E4-10 5.36+04
syrk 4.40E-+12 1.64E4-08 2.68E+04

post-synthesis reports generated are parsed by the toolflow to output the latency

values.

Xilinx HLS

Table 5.5 compares the search space explored by AnnotationGym for Xilinx Vitis HLS
with work proposed in [297] for the same benchmarks. AnnotationGym explores de-
sign spaces that are exponentially larger (on average 1.34E+8x) than in the previous
work. This is because the pragmas considered include both typical pragmas, such as
loop unroll and array partitioning, and also interface-related pragmas and their pa-

rameters (offset, bundle, port, depth). These parameters specify how RTL ports are
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Figure 5-6: Legal annotations: Slowdown varies from 1.24x to 5.48x

Table 5.6: Importance of validation: Better speedups are possible, but some anno-
tations are rejected by AnnotationGym since they fail validation

Application Largest Failed Largest Successful
Validation Speedup | Validation Speedup

atax 248 247

bicg 442 078

gemm 1867 1783

gesumimny 1.5 1.5

syr2k 40.1 30.8

syrk 144 2.9

created from the function’s arguments. Similarly, pipelining can also have multiple
options. The pragmas are elaborated in Table 5.2. Fig. 5-7 shows the speedup of differ-
ent Optimizers within AnnotationGym and a comparison to previous work [297| that
also used the same benchmark|[204|. Base is defined by the unoptimized benchmark.
The speedup is measured with respect to the base. For some applications—such as
bicg, gesummv, and syr2k—the Optimizer RL-PPO within AnnotationGym gives the
best results. For others—atax, gemm and syrk—bayesian optimization (BO) gives

the best results. AnnotationGym speeds up all applications by a geomean average of
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Figure 5-7: Speedup achieved by using AnnotationGym for Xilinx HLS with 2
different Optimizers, RL-PPO and BO, and comparison to previous work [297]

Table 5.7: Post Place and Route Results (xc7al00tfgg676-2L)

Application Runtime | Freq | Latency | LUTs | BRAMs | FF [ DSPs
(us) | (MHz) | (cycles)
atax_Unoptimized 2511 173 43472 35660 31 81294 96
atax_Optimized 09| 215 190 | 6805 47 15850 | 96
bicg  Unoptimized - - 163564 - - - -
bicg  Optimized 23] 174 397 | 13045 92 29194 | 192
gemm _ Unoptimized 5223 [ 130 677635 | 35846 31 82431 51
gemm __ Optimized 208.6 | 214 44657 | 16037 31 44792 | 51
gesummv_Unoptimized 1.1} 239 263 | 4884 31 11971 | 102
gesummv__Optimized 0.9 195 174 | 9898 7 21766 | 102
syr2k _Unoptimized 3374 213 720433 | 8878 31 24435 9
syr2k Optimized 207 | 233 69296 | 5581 32 16554 9
syrk _Unoptimized 3567 | 202 720481 | 7989 31 21820 6
syrk _Optimized 2999 | 230 689696 | 6538 17 13598 | 24

a 56.9x. This is a factor of 2.72x performance improvement over previous work.

Table 5.6 shows the importance of AnnotationGym in ensuring all annotated codes
are successfully co-simulated; i.e., that generated RTL designs perform as expected
and give results functionally equivalent to C simulation. In particular, we find that
for most benchmarks it is possible to get better speedup values (than reported here)
by using annotations that are compiled correctly into the Vitis HLS flow, but that
fail when co-simulated against the testbench.

Place and Route: Table 5.7 gives the results when each of the unoptimized and

AnnotationGym-optimized-codes are implemented on the target device. We make
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several observations. (i) The runtimes of the actual circuits improve on average by
64, hence validating our performance goal of making the circuits run faster. (ii)
Generally the resource utilization improves and frequency of the optimized circuits
after place and route is better than the unoptimized circuits. (iii) For gesummv, the
frequency of the optimized circuit decreases and resources such as number of LUTs,
BRAMs, and FFs also increase. Yet the runtime is reduced by 1.24x and latency
by 1.5x. This shows that the overall goal of achieving speedup has been achieved in
the way circuits have been optimized. (iv) For bicg, the unoptimized code fails to
generate hardware in the export-ip phase. This is in spite of it being able to pass co-
simulation run in Xilinx HLS. This further highlights the importance of annotations

for HLS: it is sometimes impossible to generate circuits without legal pragmas.

Intel HLS

Fig. 5-8 shows the speedups achieved by annotating the various codes for Intel HLS
using AnnotationGym. Results are obtained for both Stratix 10 and Cyclonel0GX.
For the Stratix 10 performance is improved by a geomean of 3.21x; for the Cyclone
10GX by 5.6x. An important observation is that the annotations are different across
applications. For example, for atax, optimal performance is achieved by declaring
some pointer variables as host memory and others as agent memory. For bicg, per-
formance is enhanced by leveraging the volatile keyword and memory coalescing on
agent memory. For gemm and syrk, loop coalescing and instantiation of Avalon regis-
ter arguments enhances performance. Since, to the best of our knowledge, this is the
only work exploring code optimization using pragmas for Intel HLS no comparison is
possible.

Place and Route All optimized results were verified by generating bitstreams
and running the design on the actual hardware (for Cyclone 10 GX). Results are given

in Table 5.8. We observe the following. (i) In all cases, AnnotationGym achieves its
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Figure 5-8: Speedups using AnnotationGym for Intel HLS

performance target of a decrease in latency (in cycles) as shown in Fig. 5-8. (ii) The

overall runtime (in us) decreases for all cases.

in some cases due to longer critical paths.

Frequency, however, does decrease

However, since the reduction in latency

is significantly larger than the decrease in frequency, the overall runtime decreases

significantly. (iii) Optimization drastically improves resource utilization. As a result,

we can target larger problem sizes than unoptimized codes and fit more logic into the

same device.

Table 5.8: Place and Route Results (Cyclone 10 GX)

Application Runtime | Freq | LUTs | Dedicated Block | DSP
(us) (MHz) Registers | Mem Bits | Blocks
atax_Unoptimized 0.9 266 5755 10765 34624 5
atax Optimized 0.1 388 1423 3257 8192 4
bicg_ Unoptimized 0.8 273 5407 9779 45248 5
bicg  Optimized 0.08 414 1812 3467 33792 4
gemm__ Unoptimized 0.7 351 4502 8865 34176 9
gemm _Optimized 0.2 234 1162 2505 24576 6
gesummv_Unoptimized 0.95 293 6563 11998 70272 8
gesummv_Optimized 0.09 397 1789 3363 16384 7
syr2k _Unoptimized 0.7 323 6321 12150 36864 11
syr2k Optimized 0.2 231 1942 4908 24576 8
syrk__Unoptimized 0.7 333 5182 9858 32768 8
syrk Optimized 0.2 235 1255 2861 16384 6
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Figure 5-9: Reinforcement Learning Episode Reward Max and Episode Reward
Mean. The rising mean shows how the RL agent learns to annotate code that increase
its overall reward (decrease in latency).

Table 5.9: Speedup achieved on baseline codes using AnnotationGym to insert HLS

compiler specific pragmas

Application Intel HL.S Speedup | Xilinx Vitis HLS Speedup
Needleman Wunsch(NW) 1.37 9882.9
Particle Mesh Ewald(PME) 4.63 31.6
Sparse Metric Vector(SpMV) 3.88 72.6

Large and Complicated Algorithms

We have also tested annotating more complicated FPGA workloads such as NW,

PME, and SpMV and present them here in a separate subsection for both Intel and

Xilinx HLS. Results are given in Table 5.9 for the target hardware in Section 5.4.2.

Fig. 5-9 shows how the RL optimizer learns over time to annotate code. Note that its

episode reward mean converges to the maximum episode reward that is possible for

the application. These results strongly suggest how RL and BO can not only solve

the problem of automating developer best practices, but could also find non-obvious

optimizations.

Place and Route We verify all results output by AnnotationGym by running
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Table 5.10: Place and Route Results (Cyclone 10 GX)

Application Runtime | Freq [ LUTs Dedicated Block | DSPs
(us) (MHz) Logic Registers | Memory Bits
NW_Unoptimized 0.6 283.3 ] 3239 5653 543296 0
NW _ Optimized 0.3 301.1 | 2410 4901 529408 0
PME Unoptimized 1.2 2579 31188 71702 192832 9
PME  Optimized 0.8 199.6 | 46592 97526 1057600 | 90
SpMV_Unoptimized 0.6 299.5| 2569 5196 6592 I
SpMV _ Optimized 0.08 367.7] 1563 3618 131072 1

Table 5.11: Place and Route Results (xc7al00tfgg676-2L)

Application Runtime | Freq Latency | LUTs | BRAM | FFs | DSPs
(us) | (MHz) (cycles)
NW__Unoptimized 194819791 [ 220 | 42949689428 | 6708 71 17078 0
NW  Optimized 14480 | 300 4345854 | 2442 58 1742 0
PME Unoptimized 1706 | 216 369138 | 17029 31 31903 164
PME Optimized 451 260 11681 | 5503 4 11778 102
SpMV _Unoptimized 64| 227 14635 | 6944 31 16878 3
SpMV _ Optimized 047 ] 322 151 801 0 1139 3

the designs on the actual hardware. Tables 5.10 and 5.11 give the results. Note that
these tables illustrate how, for the same target hardware (FPGA) and application,
AnnotationGym allows the user to compare optimization strategies preferred by dif-
ferent compilers while optimizing for the same goal. For example, if the developer
goal is latency reduction, the results after place and route show that HLS compilers
can achieve this either (i) by creating efficient pipelines thereby increasing frequency
and decreasing resource usage; (ii) by decreasing both the frequency and resource
usage yet extracting latency advantage (reduced cycles) through runtime reductions;
(iii) or by decreasing both runtime and latency(cycles) by increasing computational

hardware and hence the resource usage.

5.5.3 Discussion

Overall, the results are promising: benefits are found for unoptimized codes; these
persist for hand-optimized best codes. As expected, annotations guide various HLS
compiler decisions and add substantially to the code optimization process. More
specifically, we see that the performance benefit comes in large part from many

sources: (i) Loop Unrolling and Pipelining; (ii) Memory Management (i.e. defin-
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ing data locality, memory access patterns, data reuse); (iii) Specifying Interfaces
to increase throughput (i.e. communication width, communication protocols); (iv)
Resource Binding (specifying FPGA memory such as DSP, BRAM, and External
memory to be used for specific parts of the code); (v) Parallelism (parallel regions
within the code) and dataflow optimization. But the overall benefit is apparently

derived from the creation of a very large search space and its effective traversal.

5.6 Conclusion

Perhaps the most important broader contribution of AnnotationGym is its general-
ity and extensibility, allowing continued research across compilers. In particular, it
provides a platform to test, train, and evaluate different compilers and target devices
under one framework. AnnotationGym will be open-source and publicly available and
we will work with alpha/beta users on the integration process. In future work, we are
planning to integrate other compilers, including Clang, OpenMP, Merlin, Legup; and
other hardware such as GPUs. It is also possible to integrate other domain specific

programming infrastructures such as [165] and [289].
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Chapter 6

Reinforcement Learning Strategies for
Compiler Optimization in High level
Synthesis

6.1 Motivation

High Level Synthesis (HLS) is a critical part of the Field Programmable Gate Array
(FPGA) tool chain since it can substantially reduce the complexity and turnaround
time for building custom hardware. This is especially crucial as FPGAs become crit-
ical components in the data center and HPC, e.g., in SmartNICs and disaggregated
clusters, and run a variety of complex applications that must be coded by program-
mers without expertise in traditional logic design. Unlike traditional Hardware De-
scription Languages (HDLs), HLS can generate hardware directly from CPU codes
by automatically translating sequential functional descriptions into spatial circuits.
This overlap between CPU and FPGA means new compilers need not be written from
scratch. Rather, existing backend compilers such as LLVM can be modified to target
FPGAs.

Such a modification typically involves: i) changing the optimization strategy for
the Intermediate Representation (IR) code to better map the CPU-like sequential to
FPGA-like spatial programming model, and ii) adding support for hardware genera-
tion through mapping of IR code fragments to hardware blocks and the interconnects

between them. The former is especially important here since a different back end
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means simply reusing CPU optimization strategies delivers far lower hardware quality
than circuits written using Hardware Description Languages (HDLs) [216, 288, 304].

Since there are dozens of possible optimizations passes, the number of possible
sequences of passes undergoes combinatorial explosion and discovering the appro-
priate optimization strategy for FPGAs is not practical. Moreover, any discovered
optimization strategy has limited reuse given the diversity of FPGA workloads. Au-
tomating this discovery process is thus essential. One potential approach is to use
supervised machine learning algorithms to model the relationship between input IR
codes and effective optimization strategies. However, this approach is not practical
due to the complexity of building a required labeled training data set - we hit the
manual discovery roadblock again here. Another, more promising approach, is to
use Reinforcement Learning (RL). Unlike manual or supervised approaches, RL can
traverse the optimization space for input codes and, based on system state evolution
and reward feedback, learn the LLVM optimization pass orderings that give good
hardware quality.

While existing efforts in RL based HLS tuning have demonstrated improvements
over -O3, they have been limited in scope. Specifically, these efforts have: i) only
explored a small number of learning strategies, and ii) evaluated the impact of these
strategies using a single metric for learning quality i.e. speedup over -O3. This
is a significant drawback since learning goals can vary substantially across FPGA
workloads and developer requirements. For example, developers can prioritize lower
turnaround times over largest speed up values. In such cases, a different learning
strategy would be needed which is able to trade off achieved speed up for a faster
learning rate. Thus, similar to a uniform optimization strategy, a generic learning
strategy is also inefficient.

In this work, we address the above limitation by expanding both the number of
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valid learning strategies for HLS compiler tuning and the metrics used to evaluate
their impact. To achieve this, we start by implementing an existing effort as the
baseline strategy - this strategy trains a reinforcement learning model to learn the
number of times each optimization pass should be applied. Next, we identify and
implement a number of additional strategies that govern the agent-environment in-
teraction and can potentially impact learning - we use these strategies to vary what is
being learnt and not just how it is learnt. Next, we identify speed, fluctuation band
and performance potential as metrics for evaluating learning quality, in addition to
the existing metric of speedup over -O3. Finally, we evaluate the effectiveness of our
approach by training the RL model using the Proximal Policy Optimization (PPO)
method on all 9 benchmarks evaluated in former work and shortlisted from CHStone
suite and Legup examples.

The specific contributions of this chapter are:

Improving RL for HLS by enabling greater flexibility for developers in making

trade offs based on their target learning goals.

Identifying four novel learning strategies for HLS compiler tuning.

Identifying and utilizing three additional novel metrics for learning quality.

Demonstrating the effectiveness of our approach by comparing against the state-

of-the-art using the CHStone benchmark suite.

The rest of this chapter is organized as follows. Section 6.2 discusses some of the
prior work in this area. Section 6.3 discusses the RL framework for HLS compiler
tuning used in existing efforts. Section 6.4 presents our proposed learning strategies
and learning quality metrics. Section 6.5 evaluates the effectiveness of our strategies

using the 9 benchmarks suite. Finally, Section 6.6 gives the conclusion.
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6.2 Related Work

Compilers execute optimization passes to transform programs into efficient forms by
leveraging the hardware design patterns. Optimization can serve several goals: reduce
area/resource utilization, reduce latency, increase parallelism, reduce power/energy
etc. Modern compilers offer various compilation options to the user [173]. Compilers
provide options to select optimization levels for different goals (size, speed, debugga-
bility) and within these goals sometimes allow to adjust for the time allotted to the
optimization passes to control turn-around times.

However, the work performed for each of the optimization levels is defined stat-
ically and on a rather ad-hoc basis which doesn’t take the problem nor really the
variety of the target hardware into account. Even if the passes type, number and
order applied to different applications in the standard -Ox level vary, the strategy is
primarily fixed and insufficient [140]. Moreover the strategy is designed primarily for
CPU workloads and hence not optimal for other specialised back ends like FPGAs.
For simple applications like matrix multiply, we have seen that with appropriate num-
ber of passes and their ordering, more than 60% improvement in performance over
the standard -O3 is possible.

Compiler optimization problem space for HLS is vast. Hardware quality is affected
not only by the high level program but also by several other factors such as pass or-
dering, the number of passes and their parameter values. Hand tuned heuristic-based
methods that been formerly proposed for compilers [12] no longer suffice. Compiler
optimization has evolved over the years, from iterative compilation exploring the enu-
merations of the observation space one by one [84, 140] to machine learning based
modeling in which models are trained to make relevant predictions [167, 266]. Recent
years have seen a surge in compiler optimization work employing reinforcement learn-

ing (RL), a subset of machine learning in which the agent learns continually by trial
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and error using its interactions with the environment. Prior research work employing
RL for compiler optimization typically address the following categories:

1) Those that have looked at phase ordering to tackle the compiler optimization
problem such as [10, 24, 101, 141, 176, 277|. Amongst these, [141] is the only state-of-
art framework, to the best of our knowledge, that addresses the problem particularly
using High Level Synthesis for specialised backends such as FPGAs. Our works builds
upon it to improve the existing approach and explore further possibilities.

2) Others that analyze specific parameters with respect to compiler passes for
example inferring appropriate vectorization and interleaving factors for the loops in
the code [132], Improving the register allocation problem in compilers such as in
[155]. Polyhedral models that optimize loops in the program and try to find an
optimal schedule for the instructions in the defined polyhedral [7, 68, 159]. MLGO
[254] where machine learning is applied with respect to the inlining pass.

3)Proposed frameworks and platforms such as Supersonic [265] to choose and tune
a RL architecture for code optimization tasks, CompilerGym [94]| that consolidates
some compiler optimization frameworks into a platform to motivate research under

the hood and generic tuning frameworks such as OpenTuner [20].

6.3 Background

6.3.1 Reinforcement Learning in High Level Synthesis

In this section we delve deeper into reinforcement learning and high-level synthesis
and how the two can be combined for compiler tuning. Figure 6-1 part (i) shows the
generic RL flow,6-1 part (ii) shows the generic high level synthesis flow and 6-1 part
(iii) shows the combined RL based HLS.

High Level Synthesis (HLS) allows developers to implement workloads using High

Level Language (HLL) codes, such as C, which can be compiled into circuits. Typical
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HLS compilation flows involve: 1) using a Parser to convert HLL codes into a generic
Intermediate Representation (IR), 2) running an Optimizer on the IR that use a series
of codes transformation passes to optimize the code, and 3) mapping optimized IR
code fragments to hardware blocks and adding an appropriate interconnect using an
HDL Generator by replacing the normal CPU-specific back end of the compiler. The
optimization step (2) is critical since it can improve hardware quality by increasing

parallelism and reducing dependencies/hazards in the code structure [158].

6.3.2 RL based HLS compiler tuning: Workflow

The overall reinforcement learning framework for a high level synthesis compiler is
illustrated in Figure 6-1. Reinforcement learning in this case requires specifying and
tuning several components:

i) an action space that specifies appropriate actions that are suggested by the

agent. Code optimization in compilers such as LLVM, is implemented as Passes.
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These operate on the intermediate representation(IR) of the code and either analyse
or transform portions of the program [173]. An action is usually the pass to apply
next. Each pass transforms the IR into a valid yet, modified IR.

ii) an observation space that characterizes the environment and provides its state
representation after an action is applied. In this case, it can be (a) a statistical
analysis of the IR into a vector of features such as information extracted from the
code about the loops, arithmetic operations, memory blocks etc. [109], (b) a runtime
profiling of the program source code to dynamically characterize the system [81], (c) a
graph based modeling of the feature set using Abstract Syntax Trees (ASTs), Control
and Data flow graphs (CDFGs), graph based embeddings of Single Static Assignment
(SSA)[93] (d) DNNs, LSTM or other neural nets to characterize the target code into
a vector of features (92, 189, (e) A vector of applied passes (action history) or a
histogram of applied passes (action histogram) to define the state of the environment
(f) a concatenation/tuple of multiple aforementioned states.

iii) a reward computation mechanism that provides feedback to the agent in terms
of the efficacy of the applied action and configures the frequency of reward com-
putation. For high level synthesis this is usually dependent on the HLS tool used
[18, 142, 168]. Most prior work have used cycle count as a reasonable metric for
reward. However, other metrics such as post-routing Frequency, wall clock times,
area and resource utilization details etc can also be used for comparison [140]. Cycle
count can be estimated a) using software profiling as in Legup [79] b) simulating
VHDL /Verilog code using tools such as Modelsim [144] or c¢) estimating from the
Control Flow Graphs (CFGs). For the overall reinforcement learning framework, the
reward has to be structured carefully for example, each good intermediate step of
training returns a less negative reward, while a bad intermediate step returns a more

negative reward, and achieving the goal by the agent returns a large positive reward.
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This ensures the agent learns in an effective manner and does not get trapped in a
vicious cycle while trying to maximize its rewards.

iv) a policy that defines the strategy learned by the reinforcement learning agent
to decide the next action based on the current action’s reward and state values i.e. a
decision rule defined by its interactions with the environment.

v) the environment which in this case, embodies the application program and
its various configurations. It also encapsulates the High Level Synthesis tool that
supports user specified custom optimization passes. HLS is like a compiler however,
the difference between CPU-targeting compilers and HLS environments is that in case
of the latter the "instruction set" is not fixed and can be created alongside the logic
which then uses these instructions. It has a front end where high level language (HLL)
code is converted to language independent format such as intermediate representation
(IR). At the middle-end, optimizations are applied to modify the IR and generate a
new one. At the back-end, the HLS tool also contains some mechanism of returning
performance estimates (clock cycle count, resource utilization etc) to execute the
application code.

While numerous efforts have used reinforcement learning for compiler space, there
is still a need to understand the options available in hyper-parameter exploration
of the compiler reinforcement learning framework i.e. optimizing step of training,
episode length, and a quantitative analysis of the state, action and reward space for
high level synthesis compilers in particular. Our goal, is to highlight this research

area and make valuable contributions. This work is presented in detail in Chapter 6

6.4 Learning Strategies

In this section, we start off by discussing the base learning strategy. Next we discuss

the 4 additional strategies implemented in our work. Finally we talk about learning
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quality metrics that can be used to compare the impact of these strategies.

6.4.1 Base Learning Strategy

Our base learning strategy, based on Autophase [141], is given below.

Environment: The environment is composed of Legup HLS tool [168] and the
specific application. It outputs a count of the number of clock cycles needed to

execute the target application.

Agent: Proximal Policy Optimization(PPO) is used as the reinforcement learn-

ing agent [219].

Action: Each action represents a single optimization pass. This appended to an

ordered list of actions for the episode, which in turn is used during compilation.

State: A histogram of applied passes is used to represent the state - this is
referred to as an action histogram. To implement this histogram, a list equal
to length of passes is initialised and each element of the list is incremented and
updated when a pass corresponding to the pass number is applied. The agent
learns to map the distribution of number of passes applied, to the next pass
that should be applied, in order to maximize the averaged/expected (across

episodes) sum of rewards across time-steps in an episode.

Reward: The reward is defined as the difference in cycle count between the
previous step of training and the current step - lower cycle count thus results
in a higher reward value. Reward is set to a default value of 0 for each step,
except for the last step in the episode in which the actual clock cycle count is
obtained from the HLS tool. The “previous step” reward value for the first step
is set to the cycle count for the -O0 flag. Maximum Reward is defined as the

highest value of reward obtained by any episode during training.
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e Episode size: The episode size is fixed to 45 passes. This also places an upper

bound on the size of action histogram.
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Figure 6-2: Strategy 1: Pass Ordering. Here we impact the state by passing infor-
mation about the pass order to the agent and evaluating the impact on its learning
policy.

6.4.2 Strategy 1: Pass Ordering

In a typical set of compiler optimization passes, both the repetition and ordering of
individual passes impact the outcome of the optimization process. In the base learning
strategy above, pass repetition is available as the action histogram while pass ordering
is available as a list that is passed to the HLS tool during the compilation process.

This means that, while both pass repetition and order are factored in during reward
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calculation, only the pass repetition is used to represent state. This means that the
same state can potentially correspond to substantially different reward values - these
collisions can potentially negatively impact learning. To address this, we propose a
new learning strategy that explicitly takes pass ordering into account. This can be
done using two methods.

In Method 1, instead of using action histogram as the observation space, we use
action history to learn the optimal pass ordering. Here, each value in the observation
space is the actual pass that was applied at the corresponding step of training. Just
like the action histogram, a fixed number of passes are applied in each episode and
thus the observation space has known bounds.

In Method 2, the reward computation frequency is varied while the observation
space continues to be the action histogram. In the base learning strategy, the actual
reward from the HLS tool is calculated once per episode while all other steps use a
default reward value. This corresponds to a reward frequency of 1, and only assigns
a non-zero reward to the observation space represented by a complete histogram. In
order to vary the reward frequency, we evaluate additional frequency values. For a
reward frequency of less than the episode size, the HLS tool is invoked to give the cycle
count after every fixed number of actions. In this case, instead of ordering between
individual passes, we factor in the ordering of multiple sets of passes. For example,
for a reward frequency of 2 and maximum episode size of 45, we get the reward from
the HLS tool after 23 and 45 passes. For a reward frequency equal to the maximum
episode size, reward is computed every step once an action is applied. In this case
the complete ordering information for individual passes is factored in (represented by

incremental changes to the action histogram).
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Figure 6-3: Strategy 2: Action Tuples. In this case multiple actions are applied as
opposed to a single action.

6.4.3 Strategy 2: Action Tuples

As discussed in Strategy 1, pass ordering has an impact on learning and can be fac-
tored in by modifying the observation space and reward frequency. Another approach
to factoring in pass ordering is through action tuples. Unlike Strategy 1, which fo-
cuses on learning a global pass ordering, this strategy is aimed at determining groups
of passes that work well together i.e. local pass ordering. To achieve this, we modify
the action space to represent a tuple of passes as opposed to individual ones. That is,
at each step, the agent predicts multiple passes to apply. The maximum number of
applied passes is kept (approximately) the same, which means that the episode size

is reduced by an appropriate factor based on the size of the action tuple. Having a
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large tuple size for the action space allows the agent to learn which passes work well
together and how to apply these tuples, which in turn can improve learning. However,
if the tuple sizes become too large, the agent can take substantially longer to learn
them. In the extreme case, this would be equivalent to trying to predict the entire

set of pass orderings in a single step - the neural net for this can become fairly large.
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Figure 6-4: Strategy 3: Episode Sizing. In this case the number of steps that

constitute a single episode of training are varied to evaluate the imapct on learning
quality.

6.4.4 Strategy 3: Episode Sizing

The size of an episode can also impact the learning quality since it determines the
dimensions of the action histogram and the maximum number of passes that are

applied. Having a smaller episode size means the upper bound on the size of the
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action histogram is lower, which can improve learning. However, the entire sequence
of optimal passes must be specified within the limited number of steps. This not only
limits the room for redundancy or sub-optimal passes, but it might not be possible to
do so if the episode size is smaller than the size of the optimal pass ordering sequence.
On the other hand, larger episode sizes have a greater margin for sub-optimal passes,
but can have drawbacks such as greater combinations of action histograms. There
are two methods for varying episode size.

In Method 1, we use static episode sizing. Similar to the base learning strategy, we
fix the episode size for the duration of learning. In Method 2, we use dynamic episode
sizing. Here, we train the agent to learn not only the pass frequency that maximises
reward, but also the number of passes to apply within an episode. We insert a stop
condition within the list of possible passes. Whenever, a stop pass is suggested by the
agent, the training episode is terminated and the environment is reset after computing
the reward. This reward is then mapped to the action histogram of the passes applied
in that episode before the stop pass. The expectation is that the agent will learn the

shortest sequence of passes that gives the highest reward.

6.4.5 Strategy 4: -O3 Backend

In the above strategies, our goal has been to learn the optimal pass ordering for the
HDL generator back end. That is, what is the optimal code structure that allows
the HDL generator to map code fragments and CFGs to high quality hardware. It
assumes that the CPU and FPGA back ends are completely orthogonal and an entirely
new optimization strategies must be learnt. However, this is not always the case and
there is some potential overlap in how CPUs and FPGAs leverage different forms of
parallelism.

This strategy aim to reuse the default CPU optimization strategy of a compiler

instead of deriving a completely new one from scratch. Specifically, this is done by
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Figure 6-5: Strategy 4: -O3 Backend. In this strategy -O3 flag is applied at the end
of each episode to train the agent to perform better than the compiler standard of

-03 level.

redefining the back end and, instead of targeting the HDL generator, learning the
code transformations that enable the -O3 flag to be effective. Implementing the -O3
back end involves adding the -O3 flag to the action histogram before the HLS tool is
invoked for clock cycle calculation. We also reduce the episode size to 25 (instead of

the default 25) since we are not learning a complete optimization strategy.

6.4.6 Learning Quality Metrics

Figure 6-6 illustrates the different metrics used to evaluate learning quality for given
training run.

i) Speedup over -03: This is defined as the ratio of the maximum reward obtained
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Figure 6-6: Learning quality metrics and how they are calculated

by any episode during training, and the reward from the -O3 flag.

i) Learning speed: This is defined as the number of iterations taken to reach 90%
of the peak reward value. Peak reward value is defined to be the highest average
reward value achieved across all training iterations.

ii) Performance potential achieved: This is defined as the ratio of the peak reward
to the maximum reward obtained by any episode during training.

iii) Fluctuation band: This is the difference between the maximum and minimum

average reward observed in the last 7% iterations of a training run.
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Figure 6-7: Normalized Results for each metric with respect to the standard ap-
plication and strategy used. A higher learning speed, higher performance potential,
lower fluctuation band and a higher speedup over -O3 are desirable.

6.5 Experimental Results

6.5.1 Experimental Setup

The framework is setup using Open Al Gym (0.21.0) to provide the unified envi-
ronment interface for the reinforcement learning framework, Ray (1.7.0) to provide
the unified API for reinforcement learning and its RLIlib library to provide the agent
interface. Tensorflow (2.6.0) is used for machine learning tasks together with Keras
(2.6.0) to provide the neural net API for Python (3.9). To ensure standardization,
each test is run using 2 workers on a standard multi-core CPU, a total training time
of 300 iterations and the same initial seed value for random number generation. The
same 9 benchmarks used in Autophase [141] are evaluated in this work. These in-
clude 6 CHStone benchmarks|136]: adpcm, aes, blowfish, gsm, motion and sha; and
3 benchmarks from Legup examples: matrixmultiply, dhrystone and gsort.

Similar to Autophase, we use Legup [79] as the HLS tool, which is built by mod-

ifying the LLVM 3.5 compiler. While we are constrained in using an older version
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of the LLVM compiler due to Legup, the methods for learning effective optimization
strategies and generating high quality HDL code are applicable to the latest versions

as well.

6.5.2 Baseline Strategy Validation

To validate our baseline implementation, which is based on Autophase, we run each of
the 9 benchmarks evaluated in the paper. The maximum reward for each benchmark is
computed by letting it run at the baseline configuration for around 10,000 iterations,
and then setting the maximum reward as the highest performance achieved. The
means of maximum rewards we obtained as a results of the above matches the 26%

efficiency over the -O3 flag of the LLVM compiler stated by the authors in [141].

6.5.3 Aggregate Results

Figure 6-7 shows the results for each standard application used and every strategy
investigated. Note that results for each quality metric are normalized with respect
to each application. The average gives the arithmetic mean for each strategy over

all applications. Below we discuss our findings with respect to each learning quality

metric.
Table 6.1: Best Strategy in terms of each Benchmark and Metric
Learning Performance Fluctuation Speedup

Benchmark ‘ speed ‘ potential ‘ band ‘ over -O3
adpcm Strategy 4 multiple Strategy2 5 Strategy2 5
aes Strategy 4 multiple Strategy3 Method2 [ All except Strategy 4
matrixmul multiple multiple Strategy3 Method2 all
blowfish Strategyl Method2 45 multiple Strategy3  Method2 multiple
dhrystone Strategyl Method2 2 multiple Strategy2 5 Strategy 4
gsm Strategy 4 multiple Strategy2 2 Strategy 4
motion Strategy 4 Strategy 4 Strategy3 Method2 multiple
qsort Strategy 4 Strategy 4 Strategy2 5 multiple
sha Strategy3 Methodl 25 multiple Strategy3 Method2 multiple
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Learning Speed

Figure 6-7a shows how learning speed is impacted by strategies. Higher learning speed
is more preferable since it means the agent can train faster. We note that on average
Strategy 4 takes the least number of iterations to reach 90% of the peak reward value
achieved. Overall up to 23x improvement in learning speed is possible if the correct

learning strategy is selected versus an inefficient strategy.

Performance Potential Achieved

From figure 6-7b we can see that that most strategies exhibit reasonable performance
potential however, some strategies notably give poor performance for certain appli-
cations. For matrizmultiply, setting the state as action history and using dynamic
sizing gives drastically poor performance. However, for other applications such as ad-
pem, blowfish, sha these result in high performance and even better than the baseline.
Overall up to 4x improvement in performance potential is achievable by selecting the

best strategy.

Fluctuation Band

A high fluctuation band means that the ripple in final steady state reward is high
hence the confidence value is low. From figure 6-7c we can see that on average
Strategy2 5 gives the best results in terms of the fluctuation band. On average
Strategyl Method2 2 results in the highest ripple. For motion, it is possible to
largely eliminate the ripple by selecting Strategy3 Method2. From actual values, we
note that more than 7700x improvement in fluctuation band is possible through the

selection of reasonable strategy.
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Speedup over -O3

As seen in figure 6-7d, up to 3% improvement in speedup over -O3 is possible by
selecting the right strategy. Most strategies give a reasonable speedup over -O3.
However, depending on the application, some like Strategyl Method2 45 and Strat-
egy3 _Methodl 100 give pretty poor performance for blowfish benchmark. Overall

up to 3x improvement in speedup over -O3 is possible by choosing the correct strategy.

Strategy Selection

Table 6.1 gives the best strategy for each benchmark and metric. Where more than
one strategies favor the particular test case, multiple is seen. For matrixmultiply,
all strategies give a speedup over -O3 hence showing that for this benchmark, the
standard compiler optimization strategy is highly inadequate. For aes, Strategy 4
leads to a degradation of the metric, speedup over -O3. An important deduction is
that there is no one strategy that fits all. Different strategies favor different design

criterion and it is up to the developer to choose according to their requirements.

6.6 Conclusion

In this work, we have explored a number of learning strategies that enable developers
to customize their design according to their respective learning goals. To do this,
we have proposed 4 additional learning strategies. We have also analyzed the results
using 3 additional metrics that encapsulate developer goals more effectively when
compared with the single speedup over -O3 standard metric. Results show there is
no one size fit all solution: different learning strategies give best results in terms of
different metrics. Choosing just the right strategy can give an improvement of 23x

in learning speed, 4x in performance potential, 3x in speedup over -O3 and has the
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potential to largely eliminate the fluctuation band from the final results.
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Chapter 7

A Neural Network Based GCC Cost Model
for Faster Compiler Tuning

7.1 Introduction

Even after decades of efforts on improving the code optimization process, there are
continually new improvements [23, 109, 119, 150, 163, 176, 223, 225, 232, 249|. For
example, in the last few years, machine learning (ML) has been employed to build
models used within the compiler to help make optimization decisions for any given
program.

Building an efficient ML model requires two things. First, efficient feature engi-
neering is required to derive quantifiable properties to characterise a given code and
then iteratively refine them to improve the accuracy of the model. Second, a training
data set must be built and fed into a learning algorithm. Here, a training data set
comprises a tuple of code features, performance values, and transformations that al-
low the ML algorithm to build its correlations and enable it to make predictions for
an unseen code.

The problem addressed here is that computing the impact of transformations on
a code, i.e., the performance values, is an expensive process. It involves invoking
the downstream compiler and may take a significant amount of time. And often
performance characteristics of the target hardware is altogether unavailable. Due to

this cost bottleneck, models that can predict optimization decisions across a wide
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and Design Space Exploration (DSE) algorithms by replacing downstream compiler
with neural net based cost model

range of codes require days to train [133, 169, 254].

In particular, while cost functions can be designed to quickly predict performance
values, thereby substantially reducing the training times, simultaneously achieving
accuracy from them is challenging. In the past several groups have tackled this
limitation of compiler optimization by designing manual cost functions [164, 262].
However, this requires expert knowledge about the specific target architecture and
can take months to tune [266]. With the proliferation in deep learning, some groups
have proposed neural network based cost functions. The cost model implementations
in Halide 9] predict runtimes for image processing and deep learning programs, but is
limited in scope to Halide programs. The cost model implementation for the Tiramisu
compiler[61]| predicts speedup in runtime, but focuses on loop transformations.

In this chapter we propose a neural network based cost function that addresses
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the limitations of previous work. We demonstrate accuracy in terms of mean ab-
solute percentage error that is roughly 2x better than previous efforts. Moreover,
to the best of our knowledge, our work is also the first employing a neural net-
work based cost model for a production compiler such as GCC. While LLVM is a
popular choice in academia, GCC is default choice for a large majority of signifi-
cant software projects. We are also one of the first efforts in predicting code size
as a performance metric, rather than standard schedules and runtime. Code size
has been used as the optimization criteria in a number of recent works for compiler
optimization [98, 169, 178, 203, 212, 221, 232, 265|. This is partly because code
size reduction, firstly, leads to cost reductions in terms of storage, bandwidth and
memory, all critical for today’s resource constrained applications [211]; and secondly
is platform-independent, deterministic, and relatively noise-free, and hence an ideal
target for compiler optimizations (94, 248, 254].

A major challenge has been creating the training set for a cost function since this
requires code features for labeling each transformation set and its code size reduction.
Feature extraction for GCC is not straight-forward: the last major work to extract
static features from GCC codes was Milepost [109] and their framework does not work
beyond GCC 6+ [91]. We tested other alternatives such as a Python plugin by GCC
developers [100]. However the limitation of most prior works is that they are not
updated to recent GCC versions and hence are not upgraded for vectorization, inter-
procedural optimizations, or new architectures. For LLVM, there are many efforts
that allow feature extraction [94, 133|, including a custom pass within LLVM [172].
There is a need to develop similar feature extractors at different abstraction levels for
GCC'’s latest versions (11-13).

We have therefore developed a GIMPLE (Intermediate Representation for GCC)

parser that allows users to extract more than a 100 function-level static features.
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In addition, users can choose among types of feature extractions: (i) After which
GCC pass the features should be extracted? and (i) Which subset of features are
important? We also compare the subset of features extracted with state-of-art work
(Autophase [133]) and demonstrate that our framework allows feature selection ac-
cording to (i) and (ii) that train neural net with better accuracy in predicting code
size. To the best of our knowledge, this is the first work to explore static feature
extraction in such depth and with such success in predicting accuracy.

The specific contributions of this paper are:

e An automated framework for extracting over 100 function-level static features
from GCC'’s intermediate representation, GIMPLE, that allows users to config-
ure their optimization level and optimization flags, select the subset of features
and the level of feature extraction (i.e., to analyze tree dumps after a selected

compiler pass during the optimization pipeline).

e A neural network based cost-model that takes these code features and GCC flag

transformations, and outputs the binary size prediction for GCC.

¢ An implementation and evaluation of the proposed cost model and mean average

error comparison with the state of art.

e A demonstration that models trained using features extracted after individual
passes in the optimization pipeline have different accuracy. Also, that by us-
ing the comprehensive list of features from our framework, better prediction

accuracy is achieved than with features used in prior efforts.
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7.2 Related Work

One of the earliest works in ML-based compiler cost models for GCC was MILEPOST
[109]. It trained a k-nearest neighbor model using engineered static features and
predicted the best combination of GCC flags for unseen applications. Our work trains
a deep neural net to predict code size given a much larger pool of code features and
set of GCC flags compatible with latest versions of GCC. Ithemal [181], Granite [242],
Facile [5] and DiffTune [210] are basic block throughput estimators. Their limitation
is that they do not support loop level transformations and memory accesses.

Static code analyzers like LLVM-MCA [174], OSAKA [166], and IACA[146] are
not always accurate and sometimes give large errors [4, 85, 171|. Similarly early efforts
by [149] developed a multilayer perceptron trained on SMG2000. Our approach allows
various algorithms.

An artificial neural net to predict tile size performance was developed by [208].
Our work encompasses broader performance characteristics and not a specific trait
of the program. Similarly, the static features-based performance model such as [103],
and performance counter based feature vectors by Park et al. [198, 199| predict
runtime speedup over a limited set of applications. Our work predicts code size with
reasonable accuracy. To the best of our knowledge, only [188] have looked at neural
nets for code size. However, the scope of their work encompasses only the code
duplication and only for GraalVM compiler. We look at a much broader action space
of GCC flags.

Static code features for compiler optimization were developed mainly by Milepost
[109] and Autophase [133]. Most other groups define their subset depending upon
the use case, e.g., loop tiling [61] or inlining [254]. We have curated a large list of
static features that uniquely characterise different aspects of a code and can also be

extracted at intermediate compilation steps of the compiler’s optimization pipeline.
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7.3 Feature Engineering

Figure 7-2 shows the framework for static feature extraction. The output is a vector
of those feature values that the user specified for the target code. Figure 7-3 lists
all of the function-level features that can be extracted from the framework. Features
extracted by prior state of art work are shown in color. Green color code specifies
features that have been considered by Autophase|[133] and later used in many recent
compiler optimization works [94, 169]. Purple shows features that Milepost [109]
used and Cyan color code shows features that both Milepost and Autophase included
in their subset to describe the code. Note some features have been omitted either
because they are not relevant for GCC, or for latest versions, or are not appropriate

for describing function-level attributes. Below we describe the important blocks.

7.3.1 User Configurations

Four sets of parameters are specified by the user: (i) code name, code directory, and
build directory; (ii) details about the compiler such as the GCC version (tested for
versions 11-13) such as, optimization level (e.g., -O3, -Oz), other flags or command
options as specified in [118|, the name of the GCC pass applied in the middle-end
optimization pipeline for GCC, and the pass after which to analyse the tree dump for
features; (iii) target architecture as specified in [112]; and (iv) target features, which

should be a subset of features of 7-3.

7.3.2 GIMPLE Analyzer

In the first step, the GCC tree representation of functions is extracted. The advantage
of using GIMPLE is that it is language-independent and its context is simple for opti-
mization passes to operate on [183]. It is also relatively stable with the changes across

compiler versions being minimal. GCC can dump out GIMPLE representation after
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every optimization pass it applies. Some of the passes vary with the compiler flags
and command options. However, for a fixed optimization level -O(0,g,1,s,2,3,7,fast),
the changes are minimal and the framework emits all options available to the user for
feature analysis. GIMPLE tree dumps for the relevant compile options of the specific
C code (i.e., optimization level and GCC flags) are dumped into the build directory.
These dump files are named according to the pass after which these dumps are gen-
erated. For example, code.c.021t.ssa gives the GIMPLE tree dump after ssa pass is
applied by the compiler. 21 is the static pass number for the ssa pass and can vary
across compiler versions. code.c.130t.dom?2 is the tree dump after applying the domi-
nator tree optimizations to the code. 130 is the static pass number for the dom2 pass
and can vary across compiler versions. code.c.115t.vrpl is after value range propaga-
tion is applied to the code. All tree dumps are then parsed by the GIMPLE Analyzer.
The GIMPLE Analyzer stores all extracted information from the tree dump into a
dictionary. We have tested it across a large range of codes (including elfutils and linux
kernels) to ensure the GIMPLE Analyzer has the ability to handle corner cases. This
information contains details about the functions within the C code, their arguments
and types, local declarations with the functions and their values and types, basic
blocks in the control flow and all the instructions, phi nodes, and edge source and
destination within the basic block. It also decodes all the operands, expressions and
variables used within every instruction in a basic block. This information is decoded

for tree dumps after every pass and stored in a code.pass_name.json file.

7.3.3 Feature Computation

The Feature Computation block contains one function for every feature from 7-3.
These use the information from the output of the GIMPLE Analyzer and compute
the relevant feature. For example, to compute the number of back-edges in the control

flow graph after a vectorization pass is applied, the file code.c.veclower21.json is read
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and, from the information on edge source and destination for each basic block, an

adjacency matrix is computed. This is then used to calculate the back-edges.

7.3.4 Feature Selector

The Feature Selector uses the target features selected by the user in the configuration
file and outputs a vector of those feature values from a list of all available features.
The Feature Selector has three parts. First, it allows the user to select features us-
ing Principal Component Analysis (PCA). In this case, the user specifies a list of
applications, the GCC pass after which to analyze code and the variance threshold/
number of features to extract. The GIMPLE Analyzer and Feature Computation
blocks are invoked to extract features after the selected GCC pass for each C code.
The results are then analyzed using PCA. PCA is a linear dimensionality reduction
technique that transforms the p features into a smaller k (k«p) by taking advantage
of the correlations between the input variables in the dataset. Second, it uses fea-
tures selected in prior works [109, 133|. And third, it shortlists important features
using lasso regression analysis. Lasso or L1 is a powerful regularization technique in
statistics that shrinks the coefficients of less important features to 0 thus reducing
variance in ML models and enabling better learning. A detailed analysis of results

from these techniques is presented in Section 7.6.
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-fsplit-wide-types-early, -ftracer, -ftree-cselim, -ftree-loop-distribution, -ftree-loop-vectorize, -ftree-Irs, -ftree-partial-pre,
-ftree-slp-vectorize, -ftree-vectorize, -funconstrained-commons, -funroll-all-loops, -funroll-loops, -funswitch-loops,
-fvariable-expansion-in-unroller, -fversion-loops-for-strides, -fweb, -fno-aggressive-loop-optimizations, -fno-allocation-dce,
-fno-asynchronous-unwind-tables, -fno-auto-inc-dec, -fno-bit-tests, -fno-branch-count-reg, -fno-caller-saves,
-fno-code-hoisting,  -fno-combine-stack-adjustments,  -fno-compare-elim,  -fno-cprop-registers,  -fno-crossjumping,
-fno-cse-follow-jumps, -fno-dce, -fno-defer-pop, -fno-devirtualize, -fno-devirtualize-speculatively, -fno-dse, -fno-early-inlining,
-fno-expensive-optimizations, -fno-forward-propagate, -fno-fp-int-builtin-inexact, -fno-function-cse, -fno-gcse, -fno-gcse-Im,
-fno-guess-branch-probability, -fno-hoist-adjacent-loads, -fno-if-conversion, -fno-if-conversion2, -fno-indirect-inlining,
-fno-inline, -fno-inline-atomics, -fno-inline-functions,  -fno-inline-functions-called-once, -fno-inline-small-functions,
-fno-ipa-bit-cp, -fno-ipa-cp, -fno-ipa-icf, -fno-ipa-icf-functions, -fno-ipa-icf-variables, -fno-ipa-modref, -fno-ipa-profile,
-fno-ipa-pure-const, -fno-ipa-ra, -fno-ipa-reference, -fno-ipa-reference-addressable, -fno-ipa-sra, -fno-ipa-stack-alignment,
-fno-ipa-strict-aliasing, -fno-ipa-vrp, -fno-ira-hoist-pressure, -fno-ira-share-save-slots, -fno-ira-share-spill-slots,
-fno-isolate-erroneous-paths-dereference, -fno-ivopts, -fno-jump-tables, -fno-lra-remat, -fno-math-errno,
-fno-move-loop-invariants, -fno-move-loop-stores, -fno-omit-frame-pointer, -fno-optimize-sibling-calls, -fno-partial-inlining,
-fno-peephole, -fno-peephole2, -fno-plt, -fno-printf-return-value, -fno-ree, -fno-reg-struct-return, -fno-reorder-blocks,
-fno-reorder-blocks-and-partition,  -fno-reorder-functions,  -fno-rerun-cse-after-loop, -fno-sched-critical-path-heuristic,
-fno-sched-dep-count-heuristic, -fno-sched-group-heuristic, -fno-sched-interblock, -fno-sched-last-insn-heuristic,
-fno-sched-rank-heuristic, -fno-sched-spec, -fno-sched-spec-insn-heuristic, -fno-sched-stalled-insns-dep,
-fno-schedule-fusion, -fno-schedule-insns2, -fno-semantic-interposition, -fno-short-enums, -fno-shrink-wrap,
-fno-shrink-wrap-separate, -fno-signed-zeros, -fno-split-ivs-in-unroller, -fno-split-wide-types, -fno-ssa-backprop,
-fno-ssa-phiopt,  -fno-stdarg-opt, -fno-store-merging, -fno-strict-aliasing, -fno-thread-jumps, -fno-toplevel-reorder,
-fno-tree-bit-ccp,  -fno-tree-builtin-call-dce, -fno-tree-ccp, -fno-tree-ch, -fno-tree-coalesce-vars, -fno-tree-copy-prop,
-fno-tree-dce, -fno-tree-dominator-opts, -fno-tree-dse, -fno-tree-forwprop, -fno-tree-fre, -fno-tree-loop-distribute-patterns,
-fno-tree-loop-im,  -fno-tree-loop-ivcanon,  -fno-tree-loop-optimize,  -fno-tree-phiprop,  -fno-tree-pre,  -fno-tree-pta,
-fno-tree-reassoc,  -fno-tree-scev-cprop,  -fno-tree-sink,  -fno-tree-slsr,  -fno-tree-sra,  -fno-tree-switch-conversion,
-fno-tree-tail-merge, -fno-tree-ter, -fno-tree-vrp, -fno-unwind-tables, -fno-exceptions, -fno-vect-cost-model

Figure 7-4: Flags used for binary size cost model
7.4 Dataset Generation

Since deep neural nets(DNNs) require a large amount of training data, we create a
large dataset that is then used to train the DNN. A similar dataset is created for
the test set. As a first step, selected features are extracted for the target configura-
tions across 81 C functions. These functions are from a curated list of applications
including linear algebra, image and signal processing, and sorting. They also include
applications from the Polybench benchmarks suite[204], which has been widely used
in prior compiler optimization work|[11, 61|. The dataset used in this paper will be
open sourced for the community. We split the functions into a randomly selected

training set (74 functions) and test set (7 functions).
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For each C function, we create 10,000 different random sequences of code trans-
formations through GCC flags given in Fig7-4. Each random sequence of code trans-
formation corresponds to on or off (0 or 1) for the corresponding flag. Then each of
the C functions is compiled using each GCC flag sequence and the resulting binary
size is measured from the compiled object file. Each vector in the dataset is then a
tuple of the form [code features, sequence of code transformations/flags, binary size]
with features and flags being model inputs and binary size being the expected output.

Overall, we generated 740,000 training and 70,000 test vectors.

7.5 Model Training

We model the binary size estimation as a regression problem implemented using a
neural net in PyTorch. The network architecture is fairly simple, with two dense
hidden layers of size 512 each. The model uses the rectified linear unit (ReLu) ac-
tivation function. We used the Adam optimizer with a learning rate of 10e-3 and
Mean Absolute Percentage Error (MAPE) as the loss function. This is suitable for
binary code size prediction since the target value is positive by design [61]. The other
optimizer parameters are set with default values.

On average across multiple tests, we find that the best accuracy is achieved at
around 800 epochs of training. The input features are normalized to the instruction
count of the function. We tried min-max scaling and also standardizing features
by removing the mean and scaling to unit variance. We noticed, however, that the
learning of the model was better when normalized with respect to the instruction
count. In addition to normalizing the input training data to the network, we also
normalize the inputs to the layers within the network using the mean and variance
of the values in the current batch, a technique called batch normalization [148]. This

can improve the efficiency of the neural net and also improve the training speed. In
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our model batch normalization is applied to the output of both hidden layers. We
calculate the MAPE on both the test and training sets and validate that the values
are close. This ensures that the model is not over-fit or under-fit and can generalize

well on unseen data.

7.6 FEvaluation

7.6.1 Methods

The model evaluation and data collection are performed on a single multi-core CPU
+ GPU node. The CPU is a 16-core AMD Ryzen Threadripper PRO 5955WX, with
196GB of RAM. The GPU is a NVIDIA GeForce RTX 4070, with 5,888 CUDA cores
and 12GB RAM. GCC compiler version 13.2.1 is used to generate the training and
test sets. For every compilation run, the -Oz flag is always applied; only the sequences
of flags given in Fig. 7-4 are varied. The test applications used for our experiments
were: 2mm (polybench), doitgen(polybench), heat3d (polybench), shellSort, boxBlur,

dotProduct and jacobiEigenvals.

Evaluating Model Accuracy: Model accuracy was evaluated using Mean Av-

erage Percentage Error (MAPE). This is given by:

1\ (actual byte size—predicted byte size)
nzi:1 | actual _byte size | x 1007%

We have also used the Spearman rank-order correlation coefficient to measure the

monotonicity between the measured and predicted test datasets. A high value shows

that the two datasets are highly correlated.

Levels of Feature Extraction: A major advantage of our framework is that
we can compute a large list of function-level features and also at intermediate points

during the optimization pipeline of the compiler. As discussed in Section 7.3.2, this
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means that we compile once using the -Oz flag and omit all tree dumps that GCC
generates as it optimizes the code for -Oz. These tree dumps are labeled with the
optimizing passes that the compiler applies during that compile. For each tree dump
of the optimizing pass, we then compute the feature vectors as discussed in Section
7.3. As a next step, for features corresponding to every pass, we generate the training
and test dataset as discussed in Section 7.4. The training dataset at pass zyz is
used to train the cost model, and its prediction accuracy is recorded on the test
dataset. In this way, we shortlist which features extracted after which pass within
the optimization pipeline would result in the best cost function.

Selecting a Subset of Features: Our framework has the capability to extract
over 100 features (describing the function) as given in Figure 7-3. To demonstrate the
value of having such a comprehensive set of code features, referred to as All Features,
we evaluate prediction accuracy with two methods of feature space pruning. The first
method is to statically prune the feature space. This is done by using the feature set
given in [133], which is the state-of-the-art work in compiler optimization. We refer
to this feature space as Autophase. The second method is to prune the feature space
at runtime. This is done using L1 or Lasso Regularization. Lasso regularization is
applied to the weights of both the layers in the neural net and added to the overall
loss computed for the training loop. We refer to this feature space as Lasso. We also
tried other feature selection techniques such as PCA and Random Forests. However,
these last techiques did not give any significant improvement in prediction accuracy

of the cost model and hence have been omitted.

7.6.2 Finding the Best Level of Feature Extraction

Figure 7-5 shows the results. A lower MAPE means higher accuracy. The results are
shown for different types of feature selections used to train individual cost functions

for different passes: All Features from Figure 7-3, prior state-of-art, Autophase [133],
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and using Lasso Regression. We see that the best accuracy for All Features and
Autophase Features occurs at the ccp2 and ccp3 passes, respectively. This is the
conditional constant propagation optimization that aims to simplify instructions and
local scalar variables [111]. The numbers “2" and “3" mean that the respective pass
is being applied for the 2nd or 3rd time during the optimization pipeline. For Lasso,
features extracted for tree dumps after the waccess3 pass and then used to train the
cost model give the best cost model accuracy. We find that waccess3 is one of the
last GIMPLE passes to be applied in the optimization pipeline and that, for majority
applications, it indeed gives improved feature values (such as lower Halstead difficulty,

fewer local variables, and a smaller average number of instructions per basic block).

Table 7.1: Summary of results

All Features | Autophase | Lasso
Best test MAPE 8.00% 10.14% 9.79%
Compiler pass ccp2 ccp3 waccessd
Accuracy 92.0% 89.9% 90.2%
Spearman coefficient 0.98 0.97 0.97

7.6.3 Computing the Best Subset of Features

We ask: Which subset of the selected features’ set is better at training the binary size
cost model for GCC? From training individual cost models using features extracted
after passes, we find that the least MAPE error occurs using the proposed compre-
hensive list of All Features. The MAPE of this cost model is 8%. If we train the
cost model using features proposed by Autophase then the MAPE is 10%, and for
features selected by Lasso it is 9.79%. These results are summarized in Table 7.1.
The Spearman rank coefficient of the cost model is 0.98 when using All Features.
This shows that the predicted and measured binary sizes on the test set are highly
correlated. Figure 7-6 shows the accuracy of the cost model visualized as bar plot

when used to evaluate the test dataset. The x-axis gives the relative error between
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predicted and measured sizes, aggregated into buckets of size 10%. The y-axis lists
the number of predictions made on the test set that lie in that range of relative error.
We note that for “All Features/ccp2” the majority of the test cases have error less

than 5%. In contrast, the relative error of “Autophase/ccp3” has higher variance.

7.6.4 Accuracy of individual test applications

Table 7.2 shows the prediction accuracy for individual applications in the test set,
evaluated using the All Features/ccp2 model. The majority achieved >95% accuracy,

while the lowest accuracy was 80%.

7.6.5 Model Accuracy Comparison with Prior Work

We compare the performance of other cost models trained for compilers such as
Tiramisu and GraalVM. In [61], the authors have 16% MAPE in predicting speedups
on full programs for the Tiramisu compiler. We achieve MAPE of 8%. In [188] the
authors designed a cost model for the GraalVM compiler and quote accuracy in terms
of 70% applications lying within 10% of the correct target value. In our case over

86% applications lie within 10% of the corrected predicted binary size.

7.6.6 Performance Improvements With Our Cost Model

We ask: How much speedup is possible by substituting GCC’s binary size computation
with the proposed neural net cost model? How much advantage can be extracted by
using a GPU for the inference from the trained cost model? And, How many test
cases (batch size) would be needed for the GPU inference to outperform the CPU?

To answer these questions, we measured the time to evaluate the binary size for a

Table 7.2: Average accuracy for test applications

shellSort | boxBlur | doitgen | heat3d | dotproduct | jacobi | 2mm
80% 95% 95% 83% 94% 96% | 96%
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given tuple of C function and target compiler flags. Measurements were done for the
following combinations: running the actual GCC compiler (CPU + GCC), running
inference for the cost model on the CPU (CPU + Cost Model), and running inference
on the GPU (GPU + Cost Model). For GPU inference, we varied the batch size
from 2 to 1024. From Table 7.3, see that speedup of multiple orders of magnitude is
achieved by using the cost model. Even if a compiler tuning workload is fully deployed
on the CPU, it is still over 700x faster to use the cost model than the actual compiler.
Moreover, in scenarios where multiple test vectors need to be evaluated in a batch,

the GPU based inference will significantly outperform CPU.

Table 7.3: Performance improvement from cost model

Method Speedup over CPU + GCC
CPU + GCC 1

CPU + Cost Model 705

GPU + Cost Model (Batch size=2) 134

GPU + Cost Model (Batch size=16) 1675

GPU + Cost Model (Batch size=1K) 134000




139

Mean Absolute Percent Error (MAPE) of different cost models trained with features extracted after each optimization pass (compiled with -Oz) - Lower is better
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7.7 Conclusion and Future Directions

In this paper, we present a GCC feature extraction framework that is able to generate
a comprehensive set of code features. The intermediate representation used for it can
be selected after multiple points in the compilation process. We also present cost
model architecture for faster compiler tuning that achieves a high accuracy of 92%,
and can deliver orders of magnitude speedup versus running the compiler.

Though we are able to achieve good numbers on MAPE and Spearman’s cor-
relation, we still believe we can improve our cost model by incorporating further
representation learning to better generate embeddings from the feature vectors. We
can also improve the structure of the neural net to enble better learning. Moreover, we
can increase the number of applications both for train and test. We can also create a
better pool of applications, with varied binary sizes and codes. We can identify which
type of applications the model is not able to predict so well and then employ advanced
techniques such as code similarity analysis or fine tuning over specific application sets

to increase their prediction accuracies.
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Chapter 8

Optimizing the Optimizer: A Practical

Approach to Learning Compiler Heuristics

8.1 Introduction

A long-standing goal, which is increasingly important in the post-Moore era, is to
augment system performance by building more intelligent compilers. One of our
motivating hypotheses is that much of the capability needed to advance compiler
optimization is already present: state-of-art compilers not only provide a large set of
code transformations, but also (by-and-large) correctly apply them to preserve the
semantics, syntax, and functionality of the code. The challenge lies in getting the
compiler to select an appropriate sequence and number of these transformations so
as to generate the highest possible performance code based on the developer goals of
size, speed, or energy.

Modern compilers offer default optimization levels (e.g. -O,, -Oz, and -Ogg)
based on these goals. However the compiler transformations applied in these default
levels are largely “one-size-fit-all” sequences that are often sub-optimal [15, 23, 252]:
what works best for one application may not work for another. Several groups have
tackled this problem using auto-tuning or iterative compilations targeting individual
applications |74, 83, 110, 134, 176, 301]. But while these methods outperform the
compiler’s default settings, they are time-consuming and lack generality. A preferred

solution is to have a single machine learning (ML) model that can accurately predict
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bespoke optimal compiler transformations for any given application.

Several groups have attempted to predict compiler transformations using single
ML models [22, 109, 302]| but limitations remain. Models trained using supervised
ML are overfitted to their training data and are therefore only applicable to a lim-
ited set of applications. Unsupervised ML techniques do not maximize performance.
Also, in most cases the search space is restricted to some conservative sequence of
transformations thus compromising accuracy [83, 169, 302].

Recently some groups have trained large language models (LLMs) on LLVM IR to
predict compiler optimizations [95, 121]. However, such methods are constrained by
the limited sequence length of inputs and thus place stringent boundaries on the code
size. Moreover training LLMs require formidable amounts of data and resources [96].
Recent work like Coreset-NVP [169] has employed Graph Neural Networks (GNNs)
to predict the optimal compiler passes. A major limitation of all these prior works is
that, while they excel at learning patterns from static data, they lack the feedback
loop for adaptive optimization. Reinforcement Learning (RL), on the other hand, is
particularly well-suited for compiler optimization since the model learns from direct
interaction with its environment and so can dynamically fathom complex interactions
between transformation. RL may be the most promising approach for ML-enabled
compilers [167].

RL-based approaches to training a single model for compiler optimization [133,
254, 300| have indeed shown considerable potential. However as [169] demonstrated,
these methods have poor performance on unseen programs. [95] showed that models
trained using RL had an overall net negative impact on code size when compared to
-0,.

We ask, can we overcome some limitations of prior work in training single RL

model for compiler optimizations? In particular, can we reduce/eliminate the perfor-
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mance regressions that are a bottleneck for compiler users in using ML models within
compilers? To the best of our knowledge, our work is the first to propose a practical
solution to performance degradations that come with any ML based model. We also
present an approach to using ML models within state-of-art compilers using function
level optimization at the middle-end of compiler pipeline. A trained model can make
predictions in single shot without requiring compilation-intensive searches. An RL-
based strategy with a feedback loop, presents an opportunity to keep evolving and
improving with time. We demonstrate our approach by developing a neural network
based pre-trained -O,,,,;, model for a production compiler such as GCC. To the best of
our knowledge, the last significant effort in creating a single ML model for GCC was
Milepost [109] and a long time ago. While LLVM is a popular choice in academia,
GCC is the default choice for a large majority of significant software projects. An-
other major challenge has been feature extraction; we develop a GIMPLE parser to
generate features for the training model.

In this chapter we first carry out a series of experiments changing different vari-
ables of the RL training phase to quantify performance of the model. We note that
most functions cannot be improved over -O,. Some only have a net negative change
over the thousands of compiler flag combinations tested. We use these data to then
train supervised models to classify the optimization potential of the functions. We
find, however, that this method can only handle a limited subset of performance re-
gressions. We then propose another method based on the capability of the pre-trained
RL model to optimize functions. Both methods for designing classifier models are used
to predict whether a test function will perform better with compiler default -O, or
using the pre-trained model’s inference output -O,.

Our contributions are as follows:

e We propose a novel and practical function-level approach to training RL models

for compiler optimization (rather than the standard of program-level method);
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e We vary different variables during training and demonstrate a 46x performance

benefit in code size reduction over previous efforts; and

e We propose and train classifier models in tandem with the pre-trained RL model
to counter the performance regression limitation of ML-based compiler model.
Our results show that it is possible to reduce performance degradations by 99%
and yet achieve a 0.2% average performance improvement over -O,. We also
show how various “knobs" within the classifier’s design can allow for different
classification targets: it is possible to increase average performance improvement

over -0, to 1.88% but at the expense of 39% performance degradations.

8.2 Related Work

Optimization targets within state-of-art compilers can take several forms: (1) as anal-
ysis and transformative passes, (2) compiler flags that enable or disable compiler mid-
dle end optimizations, and (3) compiler parameters that control factors/compilation
hyper-parameters. Prior research in compiler optimization has typically used the
model as an auto-tuner to generate best heuristics for various goals: (1) phase or-
dering for LLVM compiler |24, 141, 176, 277|; (2) selecting optimal compilation flags
typically for the GCC compiler |74, 83, 109, 110, 139, 170, 197, 301|; and (3) op-
timizing for specific parameters with respect to compiler passes. The latter include
inferring appropriate vectorization and interleaving factors for the loops in the code
[132], improving the register allocation [155|, creating polyhedral models that opti-
mize loops and find an optimal instruction schedule [7, 68, 159]; and MLGO [254]
where ML is applied to the inlining pass. Amongst these, we look specifically at (2) to
increase performance on GCC' compiler’s latest versions. Prior work along these lines
is extremely limited and typically from many years ago [109]. Recent work [83, 301]

has mainly exploited Bayesian optimization for flag tuning.
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Figure 8-1: Proposed Workflow for the Deep Learning Compiler

We extend their work using RL combined with deep learning based approaches
not for auto-tuning but in order to develop a best-effort, practical model that can
be employed inside the GCC' compiler to predict the optimization choices suited
for the target architecture, application domain, and operating system. The only
previous efforts along this line are by Autophase [133]. However they demonstrated
over a limited training set of 100 applications and a small test set of 8 applications
and for an HLS compiler. [169] reproduced the Autophase pipeline and concluded
that RL based methods fail to generalize over unseen applications. We attempt to
circumvent some limitations of Autophase and demonstrate how training variables
such as better state features, reward computation, action space and possible actions
allowed per episode of training, can lead to manifolds better performance in terms of
average improvement over -O,. We also make a broader contribution applicable to
every work in ML enabled compiler model: reduction of performance degradations to
enable practical inclusion of the model within production compilers.

RL-based frameworks are also common such as Supersonic [265] to choose and tune
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a RL architecture for code optimization tasks and CompilerGym [94] that consolidates
some compiler optimization frameworks into a platform to motivate research under
the hood. Our work can be integrated within these frameworks and motivate future

work along these lines.

8.3 Methodology

A major consideration of the deep learning compiler is that it should be able to do
inference in a single compile. This is unlike prior work [95] where authors suggest
an -0, Backup’ extension: if model suggests pass list other than -O,, the framework
also runs -O, and then selects the best of the two options. In practical compilers,
we cannot compile twice; the overhead of this will diminish any gains that are to be
made in the code size reduction. This also means that like any deep learning model
our pre-trained model will also have performance degradations with respect to -O, on
some functions. We henceforth propose a classifier as a predictive model in tandem to
the pre-trained model. It classifies function according to their optimization potential:
if the classifier predicts the function will perform poorly on -O,y,1,, it will propose its

command line flag to be -O, instead of -O,1..

8.3.1 The Workflow of the Deep Learning Compiler

Figure 8-1 shows the proposed framework for deep learning based compiler. The input
program is fed into the front-end of the compiler. The front-end handles the syntactic
and semantic analysis of the code, converting it into the abstract syntax tree (AST ).
This AST is then passed to the middle end of the compiler. The AST is also translated
into GIMPLE , GCC' ’s intermediate representation of the original source code. The
feature extractor is our GIMPLE parser that reads in the GIMPLFE code and outputs
function-level features for the input program. These include important properties of

its functions such as information about basic blocks, instructions, loop characteristics,
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control flow and data flow metrics etc. These features are cascaded in the form of a
vector and fed as input to the pre-trained model. The pre-trained model uses this
information to make predictions about the best compiler flags for this given function.
The features are also fed as test labels for the pre-trained classifier. The classifier’s
predictive model decides whether the given function should be compiled with an -O,,
that is default optimization level for binary size reduction for compilers or -O,ur,
that is the inference output from our pre-trained RL model. The classifier output is
passed as command line parameter to the middle end of the compiler. The back-end
of the compiler generates the object code that is analyzed and its performance values

are fed back into the pre-trained RL model to iteratively refine and evolve its policy.

8.3.2 Training the RL Model

Figure 8-2 shows the training loop. In the start we define benchmarks/C programs to
use as our training data. These are fed into the compiler. The GIMPLFE Representa-
tion of the input program is used to generate feature values for all functions within
the input program. Moreover, other performance values such as per-function byte size
at -O,, per-function number of instructions at -O, are recorded. Each function from

the input program together with its feature values is used to train the RL Model.

Feature Engineering

Building an RL model requires efficient feature engineering: deriving quantifiable
properties to characterize a given input program and then iteratively refining them
to improve the accuracy of the model. The goal is to provide sufficient information to
the model so it can reason and learn about program behavior. Prior works have used
either used (i) feature based representation such as number of basic blocks, cyclomatic
intensity etc [98, 109, 133, 191, 254] or (ii) representation learning using neural nets

to represent input programs as embedding to the ML model |70, 93, 169, 260]. In
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Figure 8-2: Training RL Model for Deep learning Compiler

this work we use static features along the lines of (i). These are derived from our
Feature Extractor block and fed into the learning algorithm. We argue that no way
of program representation is perfect. In addition, (ii) require training an initial model
and the losses of this model simply add up to the overall losses. In using feature based
representation, we try to stick to the roots by providing information to the model’s
policy network, that a CPU based compiler also utilizes in optimizing code. Hence

the model roughly gets the same information as is available to heuristics within GCC

Feature extraction for GCC' is not straight-forward: the last major work to extract
static features from GCC' codes was Milepost [109] and their framework does not work
beyond GCC 6+ [91]. We tested other alternatives such as a Python plugin by GCC
developers [100]. However the limitation of most prior works is that they are not
updated to recent GCC versions and hence are not upgraded for vectorization, inter-
procedural optimizations, or new architectures. For LLVM, there are many efforts
that allow feature extraction [94, 133|, including a custom pass within LLVM [172].

We have therefore developed a GIMPLE (Intermediate Representation for GCC)

parser that allows users to extract more than a 100 function-level static features.
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Figure 8-3 shows the main blocks of our Feature Extractor workflow. In the first
step, the GCC' tree representation of functions is extracted. The advantage of using
GIMPLE is that it is language-independent and its context is simple for optimization
passes to operate on [183]. It is also relatively stable with the changes across compiler
versions being minimal. GCC can dump out GIMPLE representation after every
optimization pass it applies. We analyze after the SSApass that is one of the first
passes to be applied at the middle-end of the compiler and is a good representation
of the program before it undergoes optimizations within the compiler middle end.
The Feature Computation block contains a function to compute each feature from
Figure8-3. These use the information from the output of the GIMPLE Analyzer and
compute the relevant feature. The Feature Selector uses the target features selected
by the user in the configuration file and outputs a vector of those feature values from
a list of all available features.

Features extracted by prior state of art work are shown in color in Figure8-3. Green
color code specifies features that have been considered by Autophase[133] and later
used in many recent compiler optimization works [94, 169|. Purple shows features
that Milepost [109] used and Cyan color code shows features that both Milepost and
Autophase included in their subset to describe the code. Note some features have
been omitted either because they are not relevant for GCC' | or for latest versions, or
are not appropriate for describing function-level attributes.

Features used are also highlighted in Figure8-3. These have been chosen carefully
from the entire pool of options, based on training random forest regressor on training
data and evaluating its performance on test data. The best accuracy of the regressor
was shown on these subset of features. We have used the same set of features for
both our RL model and also for the classifier models. Moreover, the features are

normalized with respect to the number of instructions within that function. As [133]
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noted, this normalization technique improves the performance of the model.

Action Space

This consists of optimization flags that engage with GCC’s intermediate representa-
tion and modify it. GCC inherently applies a specific set of optimization flags when
a code is compiled for size using -O,. The premise is that this set of flags at -O, does
not guarantee best performance for every type of function. Hence a customized set
of flags suited to the function needs to be applied. To generate the list of possible
transformations that the model can apply we follow these steps:

1. We invoke GCC with -QQ —help=optimizers to find out the exact set of opti-
mizations that are enabled and disabled at -O,.

2. We parse through this output and create list of optimization flags that contain
flags currently not in -O, by default but should be present. If a certain flag is [enabled|
at -0, we create its complementary disabled option by replacing -f/-g in its name with
-fno/-gno. Similarly if a certain flag is [disabled| we create its complementary enabled
state by replacing -fno with -f.

3. For each flags in the above mentioned list of optimization flags, we evaluate
their impact on code size for a curated pool of 80 common functions. The results
are given in Figure 84 and Figure 8-5. We further prune out flags that either do
not impact the code size, or negatively impact it. This includes flags such as -
falign-functions, -falign-jumps, -falign-labels, -falign-loops, -fallow-store-data-races,
-fassociative-math, -fno-simd-cost-model, -fno-fp-contract, -fno-stack-reuse, -fno-ira-
region, -fno-reorder-blocks-algorithm, -fno-ira-algorithm, -fno-stack-protector-all, -
fno-stack-protector-explicit, -fno-stack-protector-strong, -tbranch-probabilities, -fcx-
fortran-rules, -fex-limited-range, -fdelete-dead-exceptions, -ffinite-math-only, -flloat-
store, -fharden-compares, -fharden-conditional-branches, -fopt-info, -fpack-struct,

-fprofile-partial-training, -fprofile-reorder-functions, -freciprocal-math, -frounding-
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math, -fshort-wchar, -fsingle-precision-constant, -fstack-clash-protection, -fstack-
protector, -fstack-protector-all, -fstack-protector-explicit, -fstack-protector-strong,
-ftrapv,-funreachable-traps, -funsafe-math-optimizations, -fvpt, -fwrapv, -fwrapv-
pointer and -gstatement-frontiers.

We also remove flags from the list that are either not valid for C language or x86 ar-
chitectures or are used for debugging such as -funroll-completely-grow-size, -fdelayed-
branch, -fvar-tracking, -fvar-tracking-assignments, -fvar-tracking-assignments-toggle,
-fvar-tracking-uninit and -fsave-optimization-record.

4. The remaining flags in the list of optimization flags after pruning process are
used as the actions for our training workflow. These are given in Figure 8-6. In
addition we pass an empty string as a valid option for action space. This enables the

agent to learn how many flags it should apply for a given function.

Multi-task Reward

Code size has been used as the optimization criteria in a number of recent works
for compiler optimization [95, 98, 121, 169, 178, 203, 212, 221, 232, 265]. This is
partly because code size reduction, firstly, leads to cost reductions in terms of storage,
bandwidth and memory, all critical for today’s resource constrained applications [211];
and secondly is platform-independent, deterministic, and relatively noise-free, and
hence an ideal target for compiler optimizations |94, 248, 254]. We however, optimize
for both code size and number of instructions in this work. This is because (i) in many
cases it is not possible to reduce binary sizes. For such there might be a decrease
in number of instructions. Note however, a decrease in binary size can also lead to
an increase in the number of instructions executed if those instructions require fewer
bytes to encode. (ii) our experience has shown that RL training is more efficient with
composite rewards likely because it provides intermediate objectives for the policy

and hence a reward value for its incremental improvements. We use Agytes and Amgr
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to assign weights to the two goals. More weight is given to byte reduction(10:1 ratio).
Since our workflow is automated we can easily tune for other goals such as runtime
etc. or for other default levels such as -O3. Byte size and number of instructions
are evaluated from the object code. Our reward equation per episode of training is

defined as the improvement with reference to -O,:

Byteso, — Bytes NumofInstro, — NumofInstr

+ )\Num of Instr

ABytes
Byte Byteso, NumofInstro,

Reinforcement Learning Policy

We use Proximal Policy Optimization(PPO) as our RL policy [219] and vary its
hyper-parameters, activation function and size to enhance the training efficiency for
compiler optimization. PPO is (by large), the state of art and considered best choice
for optimization tasks [194]. It is also used within ChatGPT to provide feedback
for policy enhancement [185]. PPO uses clipped surrogate objective to ensure the
updates do not destabilize the training. Moreover, the batch updates can be syn-
chronized easily across multiple workers(cores), each handling a separate function for

optimization.
On the Use of Reinforcement Learning for Decision Making

Sequential Series of Decisions: Reinforcement Learning is typically used for se-
quential tasks: processes where future decisions depend on the action and state at a
given step. Compiler optimization as defined in our work is sequential in nature. This
is because: (i) We require a feedback loop for impacting the RL policy’s future deci-
sions. The actions(flags) applied at one step influence the future state(intermediate
representation of the code) and reward(binary size) of the system.

(ii) We have a long term objective to maximize reward and are not optimizing an

immediate decision or outcome. In each episode of training, the RL agent interacts
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with a new function. Different functions require different flags to decrease their binary
size. That is, there is no one-size-fit-all solution that works for all functions. Over
the course of exploration and exploitation, the RL agent learns which flags work best
for which function. That is it maps the states to the actions and rewards and hence
learns a strategy. This is evident from the episode reward mean during training that
steadily rises till it reaches its plateau.

(iii) Our environment is complex and unpredictable. The impact of actions(flags)
on state and reward are not same across different functions. The cumulative effect
of different flags may impact state and reward too. Hence a strategy is required that
can learn and adapt to changes in environment.

RL is a promising choice for compiler optimization since it considers the conse-
quences of earlier actions on future opportunities and can hence, adaptively learn
the optimization strategy. Some might argue that since GCC flags are presumably
independent hence it might be a non-sequential problem space and best optimized
using other approaches. This is not true since GCC flags present a complicated action
space that are not entirely independent of each other. Some flags turn on/off groups
of GCC passes that alter the intermediate representation. Hence in such cases, the
order of application of flags is important. Some flags inherently conflict and in such
scenarios the order of flags matters. RL seems the most promising approach not only
to adequately capture complex flag interactions but also allow the strategy to evolve
over time as the policy encounters different functions, each requiring different set of
flags to optimize for binary size.

Satisfying the Markovian Property: We have set up our framework as a
Markovian Decision Process(MDP) defined by the State Space, Action Space, Reward
(accumulated by the actions of the agent) and a Policy, (that is learned during the

process to map state to a distribution of actions). A Markov property means that
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the Policy’s action depends on the current state and not on past states. PPO(the RL
Policy used in our work) is not strictly Markovian: it does not necessarily base its
decision on current state. However, we have addressed the Markov property by state
augmentation. The histogram of flags together with static features adds historical
context into the state. Intuitively meaning any current state of the environment
captures the information of the past state: histogram of flags captures information
about all flags that have been applied in prior states. To conclude, it is safe to say,

our formulation of optimization problem is indeed Markovian in nature and fit for

RL.
Training and Test Data

Table 8.1: Training and Test Data

Type Benchmark | No of functions

Training Data | chstone 73
mibench 454
polybench 28
stanford 63

Test Data cbench 778
convolution 26
linear algebra 56

Table 8.1 gives the training and test data used in this work. While the rest
are standard benchmarks widely used, convolution and linear algebra are a curated
set of hand-picked programs that represent common patterns in code. For example
convolution includes different types of filters such as laplacian, emboss, gaussian etc.
Linear algebra includes different types of sorting algorithms, matrix operations etc.
We realized such program patterns were lacking from the datasets. These programs
are used for evaluating compiler optimization improvements.

Autotuner: To find the upper bound on performance for each of our functions in

both training and test set, we use autotuning. Our autotuner is another PPO model
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that trains on a single function. That is for every function within the training and
test set we train its own PPO model and use it to output the best performance value
that it encounters during its exploration and exploitation phase. Prior work have
used random, greedy or heuristic based methods such as simulated annealing. Our
choice of PPO is based on better results that it can achieve within similar compilation
runs: PPO adapts itself to previous tuning results that it saw for a specific function
within its certain episode. This adaptation allows it to improve its tuning strategy
continuously instead of making isolated decisions like other methods. We ran PPO
models for every function for approximately 10,000 episodes. The maximum possi-
ble improvement in binary size and instruction count possible for each benchmark
is shown in Figure 8-7. However, such approach does have a drawback that it takes
time. In total, it took us approximately 5 days on 20 cores to generate autotuning re-
sults(best binary size possible with different iterations of the flags) for all our training
and test data.

In total, for the test data, the autotuner predicts a 7.15% improvement in binary
size and a 4.45% improvement in number of instructions over -O,. Our aim is to
achieve some portion of the autotuner’s performance using a single predictive model
that surpasses compiler’s default -O, and does not require thousands of compiler runs.

Does a flag always cause byte reduction and should be included in
GCC’s -0,7? In order to answer this question, we run our autotuner on a curated
pool of 80 functions (also analyzed in section 8.3.2) and store the list of best flags
that give the maximum performance (defined as a sum of byte reduction and number
of instruction reduction - as given in Section 8.3.2) We analyze how often a certain
flag is present in the list of best flags. Figure 8-8 gives the result. We note that
the flag -fno-move-loop-invariants is present almost 80% of the time in the set of

best flags over the 80 functions analyzed. -fno-tree-loop-im is also present around
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76% of the times. Other flags that are present more than 50% of the time in the set
of best flags are -fallow-store-data-races,-ffinite-math-only, -fwrapv, -fno-dce, -fno-
devirtualize, -fno-inline-functions, -fno-ipa-pure-const, -fno-optimize-sibling-calls, -
fno-reorder-blocks, -fno-rerun-cse-after-loop, -fno-sched-group-heuristic, -fno-shrink-
wrap, -fno-signed-zeros, -fno-tree-ccp, -fno-tree-dce, -fno-tree-dominator-opts, -fno-
tree-dse, -fno-tree-fre, -fno-tree-pta, -fno-tree-switch-conversion Although there is a
need for further investigation into what can be added/removed from the primitive

-0, list of flags, our results present an interesting case for further exploration.

8.3.3 Classifier

The primary purpose of classifier is to reduce performance regressors: functions whose
performance degrades using -O,,,,1, when compared to -O,. These performance degra-
dations with respect to -O, pose the biggest hindrance in the acceptance of any ML
based model within modern compilers. With a classifier of reasonable accuracy, we
present a stopgap solution for the embracing of any such model by the compiler users.
As shown in figure 8-1, for every test function, the classifier decides whether it should
be compiled with an -O, or an -O,,1,. We propose multiple different approaches to

training such classifiers and the performance benefit that can be achieved.

Method 1: Function Optimization Potential-Model Agnostic

While training our -O,,;, model (results in Section8.4.1), we extensively instrument
the process analyzing how our model learns over the various training functions. In this
process, we noted that for some functions, the model just could never learn anything
better than GCC’s default -O,. This observation is also evident from the autotuning
results in Figure 8-7. For 206 functions in the training data and 227 functions in test
data, the best reward can only be achieved at -O,. For majority of other combinations

of flags, the reward was always negative. Our goal is to classify all such functions
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whose performance can only be less than or at best, equal to -O, so they are not
evaluated using -O,,,,;,. We postulate there is possibility for these functions to have
performance degradation with respect to O, during inference. Figure 8-9 gives the
workflow. The training data is generated from the autotuner’s results for the training
set. In this case, the y_train is 1 for all functions except the 206 mentioned above.
The x_train is the set of features highlighted in Figure 8-3 and also used for training
the -O,,r, model. The classifier is evaluated by using it to predict optimization
capability beyond -O, for test functions. The classifier’s accuracy is evaluated using
true labels from the autotuning data for test functions. We tested different classifier
types such as Decision Trees, Random Forest, XGBoost and Voting Classifier since

each perform better for different goals. The results are discussed in Section 8.4.

Method 2: Trained -O,y,1, Model’s Capability to Optimize the Given
Function

In this case, we ask: which functions can an RL model learn well to optimize? That is,
once we have a trained -O,,,,;, model, we run inference on it using the same data it was
trained on: its training functions. We notice that for the majority of the functions,
the policy was able to learn pretty well. However, for 25 functions it predicted flags
that resulted in performance worse than -O,. We hence label these as 0 and remaining
functions in training data as 1. The accuracy of the classifier is evaluated by running
inference of the -O,,,1, model on the test functions. The true labels are assigned by
computing which functions the model could optimize over -O, and which not. We
evaluate this method of classification using two approaches:

Approach 1: Using Random Forest Classifier The workflow is shown in
Figure 8-10. A random forest classifier is trained to classify which functions our pre-
trained -O,,,;, model will predict well. We define different goals and then tune hyper-

parameters for the random forest classifier to maximize the assigned goal. Hyper-



159

parameters for random forest include number of trees, maximum depth of each tree,
minimum samples in a leaf node, minimum samples required to split a node, maximum
features for splitting nodes etc. For example if compiler user wants to reduce negative
regressions, we use bayesian optimization for tuning hyper-parameters of the random
forest model such that the negative regressions can be minimized.

Approach 2: Harnessing the Potential of Deep Learning We ask: can we
outperform the capability of classical classifiers and achieve even better performance
from our classification block? In this case we replace the classifier with deep neural
net based RL-PPO model. We train the PPO model’s cross entropy loss function
for classifying which functions will perform better using -O,,1, and which should be
optimized using -O,. The workflow is given in figure 8-11. The PPO model is trained

for multiple goals by altering its reward function accordingly.
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-fassociative-math -fno-trapping-math -fno-signed-zeros, -fconserve-stack, -ffinite-loops, -fgcse-after-reload, -fgcse-las, -fgcse-sm,
-fgraphite, -fgraphite-identity, -fipa-cp-clone, -fipa-pta, -fira-loop-pressure, -fisolate-erroneous-paths-attribute, -fkeep-gc-roots-live,
-flimit-function-alignment, -flive-range-shrinkage, -floop-interchange, -floop-nest-optimize, -floop-parallelize-all, -floop-unroll-and-jam,
-fmodulo-sched, -fmodulo-sched-allow-regmoves, -fnon-call-exceptions, -foptimize-strlen, -fpeel-loops, -fpredictive-commoning,
-frename-registers,  -freschedule-modulo-scheduled-loops, -fsched-pressure, -fsched-spec-load, -fsched-spec-load-dangerous,
-fsched-stalled-insns, -fsched2-use-superblocks, -fschedule-insns, -fno-section-anchors, -fsel-sched-pipelining,
-fsel-sched-pipelining-outer-loops, -fsel-sched-reschedule-pipelined, -fselective-scheduling, -fselective-scheduling2, -fsignaling-nans,
-fsplit-loops, -fsplit-paths, -fsplit-wide-types-early, -ftracer, -ftree-cselim, -ftree-loop-distribution, -ftree-loop-vectorize, -ftree-Irs,
-ftree-partial-pre, -ftree-slp-vectorize, -ftree-vectorize, -funconstrained-commons, -funroll-all-loops, -funroll-loops, -funswitch-loops,
-fvariable-expansion-in-unroller, -fversion-loops-for-strides, -fweb, -fno-aggressive-loop-optimizations, -fno-allocation-dce,
-fno-asynchronous-unwind-tables, -fno-auto-inc-dec, -fno-bit-tests, -fno-branch-count-reg, -fno-caller-saves, -fno-code-hoisting,
-fno-combine-stack-adjustments, -fno-compare-elim, -fno-cprop-registers, -fno-crossjumping, -fno-cse-follow-jumps, -fno-dce,
-fno-defer-pop,  -fno-devirtualize,  -fno-devirtualize-speculatively,  -fno-dse, -fno-early-inlining,  -fno-expensive-optimizations,
-fno-forward-propagate,  -fno-fp-int-builtin-inexact,  -fno-function-cse,  -fno-gcse, -fno-gcse-Im,  -fno-guess-branch-probability,
-fno-hoist-adjacent-loads, -fno-if-conversion, -fno-if-conversion2, -fno-indirect-inlining, -fno-inline, -fno-inline-atomics,
-fno-inline-functions,  -fno-inline-functions-called-once,  -fno-inline-small-functions, -fno-ipa-bit-cp,  -fno-ipa-cp,  -fno-ipa-icf,
-fno-ipa-icf-functions, -fno-ipa-icf-variables, -fno-ipa-modref, -fno-ipa-profile, -fno-ipa-pure-const, -fno-ipa-ra, -fno-ipa-reference,
-fno-ipa-reference-addressable, -fno-ipa-sra, -fno-ipa-stack-alignment, -fno-ipa-strict-aliasing, -fno-ipa-vrp, -fno-ira-hoist-pressure,
-fno-ira-share-save-slots, -fno-ira-share-spill-slots, -fno-isolate-erroneous-paths-dereference, -fno-ivopts, -fno-jump-tables,
-fno-lra-remat, -fno-math-errno, -fno-move-loop-invariants, -fno-move-loop-stores, -fno-omit-frame-pointer, -fno-optimize-sibling-calls,
-fno-partial-inlining, -fno-peephole, -fno-peephole2, -fno-plt, -fno-printf-return-value, -fno-ree, -fno-reg-struct-return, -fno-reorder-blocks,
-fno-reorder-blocks-and-partition, -fno-reorder-functions, -fno-rerun-cse-after-loop, -fno-sched-critical-path-heuristic,
-fno-sched-dep-count-heuristic, -fno-sched-group-heuristic, -fno-sched-interblock, -fno-sched-last-insn-heuristic,
-fno-sched-rank-heuristic, -fno-sched-spec, -fno-sched-spec-insn-heuristic, -fno-sched-stalled-insns-dep, -fno-schedule-fusion,
-fno-schedule-insns2, -fno-semantic-interposition, -fno-short-enums, -fno-shrink-wrap, -fno-shrink-wrap-separate, -fno-signed-zeros,
-fno-split-ivs-in-unroller, -fno-split-wide-types, -fno-ssa-backprop, -fno-ssa-phiopt, -fno-stdarg-opt, -fno-store-merging, -fno-strict-aliasing,
-fno-thread-jumps, -fno-toplevel-reorder, -fno-tree-bit-ccp, -fno-tree-builtin-call-dce, -fno-tree-ccp, -fno-tree-ch, -fno-tree-coalesce-vars,
-fno-tree-copy-prop, -fno-tree-dce, -fno-tree-dominator-opts, -fno-tree-dse, -fno-tree-forwprop, -fno-tree-fre,
-fno-tree-loop-distribute-patterns, -fno-tree-loop-im, -fno-tree-loop-ivcanon, -fno-tree-loop-optimize, -fno-tree-phiprop, -fno-tree-pre,
-fno-tree-pta, -fno-tree-reassoc, -fno-tree-scev-cprop, -fno-tree-sink, -fno-tree-slsr, -fno-tree-sra, -fno-tree-switch-conversion,
-fno-tree-tail-merge, -fno-tree-ter, -fno-tree-vrp, -fno-unwind-tables, -fno-exceptions, -fno-vect-cost-model

Figure 8-6: Optimization Flags Used
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Figure 8-7: Autotuning Results: Max % Improvement over -O,in Binary Size and
Instruction Count for each Benchmark
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8.4 Evaluation

In this section we evaluate (i) the ability of our pre-trained -O,y,1, model in generat-
ing flag list for improved performance over -O, and variation in its performance by
changing training variables (ii) comparison with the state of art (iii) the performance
of the different classifiers and their impact on the overall efficiency of the workflow.
All training, evaluation and data collection are performed on a single multi-core
CPU node. The CPU is a 16-core AMD Ryzen Threadripper PRO 5955WX, with
196GB of RAM. GCC' compiler version 13.2.1 is used. For every compilation run, the
-0, flag is always applied; only the sequences of flags given in Figure 8-6 are varied.

Table 8.2: Different Training Versions Explored in this Work

Versions | Action Space State
v0 A={a,az,0a3,...,an41} action history + normalized features

e Str, —Ts N :
+A‘,DL,W + Aplags (No. of — fno flags — No. of — f flags)

vl A={a1,az,0a3,...,an41} action history + normalized features

= Tostro, ~Tstr
+ Anstr 1

v2 A={ay,az,0a3,...,ar41} action history + normalized features -

where M includes only -f options
v3 A={(ar,as,as,...,ay)|a; € {0,1}} | action history + normalized fe

res S 1 Nty R0 TSt

Tnstro,

v4 A={ay,az,0a3,...,ay} action history + normalized features
these marked as Autophase in Fig 3

Byteso, Tnstro,
tese

PR yteso, —Bytes Instro, —Inst
L if Apytes =gy + Amser 2 < 0

®

vH A= {(a1,a2,as,...,ay)|a; € {0,1}} action history -+ normalized features o Tzt

" Bytesg, ~Bytes Instro,~Instr
_
0, if Apytes =55 + Alnstr x"zum =0

T, 1f Ay Broe Bytes |y Tt s ()
Reward =

8.4.1 Training Results

Table 8.2 gives the different training versions that were explored in this work. Each
version is trained using the training datasets and evaluated after 3000 iterations of
training on the test datasets given in Table 8.1. Figure 8-12 gives the inference results
in terms of improvement over -O, averaged over all test functions. Figure Section8-13
gives the performance of test functions as a percentage of the total. In the default
case, the RL model applies one flag at a time from the action space as discussed in
Section8.3.2. Since we also have an N+1 action as empty string (do not apply any
flag), the model learns to minimize the set of flags it applies for a given function.
The default “state” is the list of features we explored as discussed in Section8.3.2

normalized over the number of instructions and concatenated with action history.
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Figure 8:12: Average % Improvement over -O, for Models Trained using Training
Versions given in Table 8.2

The default reward is the sum of gains from reduction in bytes and reduction in
number of instructions as given in Section8.3.2.

For each version v0-vb, we varied the state, reward and action space to evaluate
the impact on training and inference results. In v0, we include a Apjaes to encourage
the policy to learn so as to increase the number of -fno flags (flags that turn off certain
passes from the compiler default set of 256 passes in -O,) and decrease number of
-f flags(that generally turn on additional passes). This gives the largest percentage
of functions improved but the net improvement summed over all test functions is
negative.

In v1, we try to circumvent this by decreasing the complexity of the reward equa-
tion and only making the policy learn to optimize bytes size. This leads to a net
improvement over -0,.

In v2 we prune our action space to include only -f options. Our assumption is
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Figure 8-13: Functions Regressed, Improved and Unchanged for Models Trained
using Training Versions given in Table 8.2

that -fno flags might turn off certain optimizations that GCC' requires to decrease
the byte size of functions. Hence by restricting action space to only enable additional
optimizations without disabling anything from -O,. This gives an even greater im-
provement over -O, and also in reducing the number of instructions overall. This also
decreases the regressions, maximizing the number of functions un-impacted.

In v3, we restructure our action space as a set of independent binary actions (i.e.
a multi-binary action space) where each flag can either be applied [1]| or not [0]. This
way we enable PPO to learn whether to apply each flag independently. This gives the
maximum benefit in terms of overall improvements. The functions that are improved
have an average 8.45% improvement over -O,.

In v4, we try to replicate the environment proposed in state of art work, Autophase
[133]. We discuss it in detail in subsection 8.4.2.

In v5, we ask: Can we combine the classification within PPO model? We set up
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our environment using the multi-binary action space and use the same default state.
We calculate reward as given by the default reward equation. However, before passing
the reward value to the policy we discretize it by converting it into -1,0 or 1. Our
assumption is that categorical values of reward instead of continuous, might enhance
PPQO’s learning. The -1 reward refers to functions for which performance regressed
over -O,. However, in this case we did not reap any additional benefit in terms of
negative regressions.

Table 8.3: Comparison of Results For Method 2: RL based Classifier(Deep Neural
net) and Random Forest(RF) Classifier

Measurements

neg (Functions Regressed) | pos (Functions Improved) avg reward avg pos_ reward avg neg reward
RL based Classifier |  RF RL based Classifier |  RF RL based Classifier | RF | RL based Classifier | RF | RL based Classifier [ RF
without classifier 214 306 1.35 .45 -6.1
ideal classifier 0 306 A5 8.45 0
neg (Functions &) 58 14 151 0.2 1.09 10.87 [ 891 -1.91 -7.53
pos Functions 156 143 246 234 1.35 1.32 7.45 | 848 -4.55 -6.18
avg reward 146 84 245 207 1.66 1.88 8.65 [ 9.36 -5.04 -4.42
avg pos_reward ! 87 74 169 0.48 1.51 12.25 10.82 -10.6 -6.57
avg neg reward 3 5 126 134 0.56 T4 ] 5.86 [ 8.0 -3.25 -3.81

8.4.2 Comparison to State-of-Art

To the best of our knowledge, Autophase [133] is the only other work that have
attempted to create a generalized, RL-based predictive model for compiler optimiza-
tions. Autophase demonstrated on a limited training set of 100 randomly generated
programs, the possibility of generalization across a wide range of applications. Our
work is different in that (i) we target CPU based compilations and not high level
synthesis as was originally proposed by Autophase; (ii) we target binary size reduc-
tion and not execution time speedup; (iii) we target function level optimization rather
than application level; (iv) we use a much greater set of training and test applications;
(v) we are the first to demonstrate applicability of this for GCC. All other work was
demonstrated on LLVM.

Some recent work [95, 169] used LLM and GNN to create a generalized model
for compiler passes and replicated Autophase’s environment on their benchmarks to

illustrate improvements. We also follow along their lines and replicate Autophase’s
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environment for comparison. In v4, we defined state using the features set also used
in that work. The reward is set to binary size reduction and action space is fixed to a
constant equal to the size of possible actions. The results show that it had a marginal
improvement over -O,. From all our results we conclude that v3 overall gives the best
performance improvement and a more than 45 times improvement achievable by prior
state of art work (v4-Autophase). In the subsequent sections we further improve v3
by reducing negative regressions using the proposed Classifiers.

3 % of Functions Regressed [0 % of Functions Unimpacted 3 % of Functions Improved

Performance of different classifiers in Method_1 with respect to -Oz

47.42
43.58 42.62 25 43.82
40 4
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Figure 8-14: Comparison of different classifiers in Method 1

8.4.3 Evaluating Performance of Classifier Method 1

Figure 8-14 shows the classification results (post-inference) when Method 1 is eval-
uated using different types of classifiers. Green color highlights the best performance
that can be achieved for each goal. For example if we want to remove negative re-

gressions using method 1 (i.e. functions that we predict will perform bad), we should
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use decision tree classifiers. Similarly if we want to increase overall average reward

the Voting Classifier is a better choice.

8.4.4 Evaluating Performance of Classifier Method 2

Table 8.3 shows the classifier performance when evaluated using Random Forest (Sec-
tion 8.3.3) and deep neural net as classifier (Section8.3.3). Green color highlights what
best performance can be achieved for each goal. Rows represent compiler user goal for
example decreasing negative regressions, increasing positive improvements, increasing
average reward improvement over compiler defaults, increasing the average positive
reward across functions with positive improvements and decreasing the average neg-
ative reward across functions with performance degradations. The results are very
promising. If a compiler user wants to ensure that inference using -O,,,,;, will not give
them performance below GCC’s -O,, then it is possible to do that with more than
99.6% certainty using an RL based classifier in tandem with a pre-trained RL based
-O,m1, model. However, as Table 8.3 shows, the average reward in terms of reduction
in bytes and number of instruction comes down to 0.2%. We can choose to train
classifier model with high penalty such that true positives are reduced. If we want to
ensure high average improvement over -O,, we can train a Random Forest Classifier
to increase average reward to 1.88%.

Figure 8-15 summarizes the best results in the form of a confusion matrix. If
our goal is to reduce negative regressions, the results are shown in (i). In this case
we minimize false positives bringing them down to 3. This means that out of 214
functions that would have given performance degradations, we have reduced them by
99.6% and are down to just 3. However we get a high proportion of false negatives.
This just means that these 296 functions are pooled under -O, instead of -O,1,
where they would have performed better. If we want to increase true negatives (that

is possibility of a function getting evaluated by -O,,1, for an improved performance),
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we get case (ii). If we want to increase the average reward summed over all test
functions, we get (iii). Here at the cost of 84 function degradations, we get an average
1.88% reward improvement over -O,. If we want to increase the average reward over
functions that are better optimized using -O,p1,, we use case (iV). Here at the cost of

48 performance degradations we get a net 12.25% average improvement over -O, for

the pool of 74 functions.

Expacted Expected
0z ~Om 0z -0Om

.ﬁct_ual

(D).(v) (i)

-0z -0m Oz -0Om

A.ntual
Actual

(i) (iv)
Figure 8-15: Best results for different goals: (i)Reducing Negative Regressions by
99%, (ii)Increasing Functions Improved (iii)Increasing Average Reward (iv) Increasing

Average Positive Reward for Functions Improved (v) Decreasing Average Negative
Reward for Functions Regressed
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8.5 Conclusion

In this chapter we have presented a practical approach to widespread inclusion of
an -Op, option within modern compilers. A major hindrance in all deep learning
compilers is the unavoidable performance degradations over compiler defaults for a
subset of functions. We have proposed classifier models to circumvent and reduce
this. However, our approach is just an initial solution. For future work, we propose
inclusion of the classification within the pre-trained model through powerful models

invented to suit the nature of programs: a limitation at present.
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Chapter 9

Conclusion

This thesis makes significant contributions:

e Research Thrust 1: We learn to modify source code for performance. This

is covered in Chapters 4 and 5

e Research Thrust 2: We learn a better compiler strategy to optimize a source

code. This is covered in Chapter 6

e We adequately represent code as fixed size vector of features. This is covered

in Chapter 7

e Research Thrust 3: We reduce the training time of ML models by replacing
performance computation from Compiler with a neural net Cost Model. This
is a practical approach to estimating binary size of kernels without compiling.

This is covered in Chapter 7

e Research Thrust 4: We pre-learn compiler strategy using a deep learning
model such that it performs better than compiler default in terms of predicting
compiler heuristics. It is sufficiently practical to be integrated into compiler as

an -OmL option. This is covered in Chapter 8.

Figure 9-1 sketches at a very high level how this thesis contributes to the big
picture relating to the Performance, Portability and Programmability dilemma as

discussed in Chapter 2. Each research thrust is automated - the input is HLL code in
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C. This way portability remains unaltered. Programmability is assumed unchanged
since developer does not alter the source code. The framework for each research
thrust takes the C code and outputs the intended solution. Performance is improved

without changing the other two Ps. The PPP plane is raised along the Z axis for each

research thrust as labeled in the figure.

Performance

Hm"br'.-'.-'t ) ¢

Figure 9-1: State of PPP: How each research thrust contributes to the PPP problem

Despite all the progress made in decades of research and development, compil-
ers still face many unresolved challenges. The introduction of new and evolution of
existing hardware architectures, innovation in semiconductors, and ever-changing al-
gorithms and workloads demand complex yet more “intelligent" compilers. This also
gives rise to other challenges such as security and complexity of software. While our
work is a step in this direction, we strongly believe that the future will behold more

artificial intelligence infused into compilers and Al based models predicting decisions
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for compilers that are faster and accurate. It will not be surprising if Al replaces
every heuristic within a compiler with a learned model, thereby minimizing all hu-
man interaction. This will nevertheless require a coordinated effort. For the compiler
developers, it will be necessary to acquire a deeper understanding of the behavior
of the optimizations, their interactions with each other, and their targeted impact
on source codes. Developing better and improvised optimization options will also
be required to meet the demands of the Al landscape in compilers. It will also be
necessary to expose more options within a compiler’s flow to enable optimizations at
a fine-grained level.

For machine learning experts, it will be necessary to develop model architectures
specifically suited for the compilers. It will also be necessary to represent source
codes in forms that models can better decipher. At present, multiple program repre-
sentations are available, yet none is complete in describing a given program. A more
comprehensive feature representation will enable better training and inference from
the model.

We discuss future directions for each research thrust in its relevant chapter. Here
we present briefly our broader vision of what the future in this field holds. We believe
that our work has helped opened doors to make both legacy and future workloads be
efficient and performant, while at the same time being fully automated. All research
thrusts presented here are automated, end-to-end frameworks, hence enhancing ac-
cessibility to naive and advanced users alike. A next step along the lines of this
dissertation will involve incorporating fine-tuning within the reinforcement learning
model; training the pre-trained model on a specific dataset, to allow the model to
enhance its learning for a specific set of applications. While Al allows obvious im-
provements to optimizations than those a human developer would make, it can still

make errors. We presented one approach in tackling these errors (or performance
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degradations) by classification of functions/applications. We believe this can be fur-
ther improved by incorporating a deeper understanding of applications and how they
are perceived by the compiler and then aiding the AI model in making its decisions.
We can also employ a multi-agent approach whereby a different agent is trained to
predict heuristics for a class of applications. This coupled with an efficient classifier

for application grouping can become a valuable next step.
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