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Abstract

In this study, we reviewed the applications of reinforcement learning (RL) models to optimize compiler
phase ordering, a crucial aspect of compiler optimization. The study examines several prominent RL-
based models, including Machine Learning Guided Optimization (MLGO), Autophase, DeepTune,
NeuroVectorizer, and COBAYN, highlighting their key contributions, methodologies, limitations, and
potential improvements. While RL-based approaches have demonstrated significant advancements in
optimizing compiler tasks, such as phase ordering and loop vectorization, the review identifies common
challenges, including task-specific optimization, dependency on predefined sequences, limited
adaptability, and lack of interpretability. The paper also discusses the gaps in the existing literature,
emphasizing the need for more generalizable models, dynamic learning capabilities, and enhanced
transparency in optimization decisions. Future research should focus on developing scalable, adaptable,
and interpretable RL models that can seamlessly integrate into modular compiler frameworks, paving
the way for more efficient and adaptive compiler optimization techniques in real-world applications.
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1. Introduction

In compiler optimization, phase ordering refers to the problem of determining the optimal sequence of
transformation passes or phases that a compiler should apply to the source code in order to generate the
most efficient machine code [1]. Modern compilers, such as low-level virtual machine (LLVM) or GNU
compiler collection (GCC), offer a variety of optimization passes that can be applied during
compilation. However, the order in which these phases are executed significantly impacts the
performance of the generated code. There is no universally optimal order for all programs due to the
complex interactions between different passes and the specific characteristics of the target hardware
and application [2].

Some studies [3], [4], have addressed this critical issue by introducing a novel reinforcement learning
model designed to revolutionize compiler optimization. Unlike static methods, the reinforcement
learning model learns dynamically, tailoring optimization strategies to each unique workload and
hardware configuration. The problem at hand is clear: How can we design compilers that autonomously
optimize code for maximum efficiency in an ever-changing environment? By integrating reinforcement
learning into compiler design, we aim to solve this challenge and unlock new levels of performance,
offering a flexible, adaptive solution that continuously evolves with software demands [5].
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The specific objectives for this review on reinforcement learning (RL) models for optimizing compiler
phase ordering were to:

i. examine the methodologies, contributions, and performance of RL-based models, such as
MLGO, Autophase, DeepTune, NeuroVectorizer, and COBAYN, in optimizing compiler phase
ordering and related tasks;

ii. highlight the recurring challenges, such as task-specific optimization, dependency on
predefined sequences, limited adaptability, and lack of interpretability, to understand barriers
to effective compiler optimization using RL; and

iii. suggest strategies to address gaps in existing RL models, such as developing generalizable
frameworks, improving scalability and adaptability, and enhancing model interpretability for
better real-world integration. Establish a systematic evaluation framework to compare RL-
based models across key dimensions, including contributions, methodologies, limitations, and
areas for improvement, to provide a comprehensive understanding of their capabilities and
shortcomings.

2. Reinforcement Learning in Compiler Optimization

The integration of reinforcement learning into compiler optimization will result in significant
performance improvements, as the adaptive model will continuously evolve to make better optimization
decisions than traditional static heuristics, particularly when handling diverse and complex workloads
using some specific applications [6], [7], [8], [9], [10]. Recent research on compiler optimization has
seen a growing interest in machine learning approaches, especially reinforcement learning, as a way to
enhance traditional techniques. These advancements aim to address the limitations of static heuristics,
which struggle to adapt to the complexity of modern software and hardware environments. In this
critical review, key recent studies that have explored machine learning-driven compiler optimizations,
particularly focusing on reinforcement learning-based approaches, have been examined [11], [12].

MLGO, developed by Google, was one of the pioneering efforts in applying reinforcement learning to
optimize compilers. By training the reinforcement learning agent to learn optimization decisions for
specific code paths, MLGO demonstrated significant improvements over traditional methods. However,
the main limitation of MLGO is its reliance on supervised learning for pretraining the model, which
may not generalize well across varied workloads [5], [13]. Additionally, the use of reinforcement
learning is limited to specific optimization passes, which constrains its full potential across the entire
compilation process.

Autophase explores the challenges of phase ordering, a notoriously difficult problem in compiler
optimization. The researchers utilized reinforcement learning to reorder optimization passes within
LLVM, achieving performance gains in certain benchmarks. While Autophase demonstrated promise,
its key limitation lies in its dependence on a predefined set of phases. The reinforcement learning model
can only learn within these constraints, limiting the model's ability to discover novel optimization paths
that lie outside the predefined phase order [14], [15].

DeepTune takes a different approach, employing deep learning to predict the best optimization
strategies for a given code. Although DeepTune achieved respectable results, its reliance on supervised
learning models introduces the risk of overfitting. Moreover, deep learning models are often less
interpretable, making it challenging for developers to understand why certain decisions were made.
DeepTune lacks the flexibility and adaptive nature of reinforcement learning, which limits its ability to
continuously improve over time [16]. Equally, Neuro Vectorizer explored the application of deep
reinforcement learning (DRL) for automatic loop vectorization, a complex optimization task. This study
demonstrated that DRL) could outperform hand-tuned heuristics by effectively learning optimal
vectorization strategies [17], [18], [19]. However, while NeuroVectorizer achieved notable success, it
was focused on a narrow subset of compiler tasks. This narrow scope reduces its ability to generalize
to broader compiler optimization problems, where a combination of multiple strategies is often required.
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Similarly, COBAYN employed a Bayesian network to predict optimization sequences in compilers
based on the code’s characteristics. This probabilistic approach yielded better results in comparison to
static heuristics, with improvements in runtime performance [20]. However, COBAYN's reliance on
probabilistic methods limits its adaptability, as it cannot evolve dynamically with new data or
workloads. In contrast, reinforcement learning models, which learn through continuous interaction with
the environment, may offer a more scalable solution.

Reinforcement learning-driven models have shown clear potential in solving complex optimization
problems, such as phase ordering and loop vectorization. However, the majority of reinforcement
learning models remain narrowly focused on specific optimization tasks, leaving untapped potential in
creating generalizable, end-to-end solutions for compiler optimization. Current reinforcement learning
implementations are also limited by long training times and the requirement for large-scale data, which
can be a barrier in real-world applications. Another critical issue is the lack of interpretability in machine
learning and reinforcement learning models, which creates challenges for developers who wish to
understand or fine-tune the optimization process. This is particularly evident in approaches like
DeepTune, where deep learning models provide limited insight into the decision-making process. Many
reinforcements learning-based models still require extensive pretraining or rely on pre-defined
optimization sequences, as seen in MLGO and Autophase. This limits their ability to fully leverage the
adaptive and self-learning capabilities of reinforcement learning, which should ideally be used to
discover novel optimization strategies beyond human-designed sequences.

The next step in reinforcement learning-based compiler optimization research should focus on
developing more generalizable models that can address a wide range of optimization tasks
simultaneously [21]. Moreover, there is a need for more efficient training techniques to reduce
computational overhead, allowing for real-time optimization. Improving the interpretability of
reinforcement learning models would also enhance their practical application, enabling developers to
gain insights into the optimization process. Future models should aim to fully exploit the adaptive
capabilities of reinforcement learning, enabling them to autonomously discover optimization strategies
without being constrained by predefined sequences or phases.

While recent research into reinforcement learning-based compiler optimization has produced promising
results, there is still significant room for improvement. The development of more generalizable,
scalable, and interpretable models is essential for unlocking the full potential of reinforcement learning
in this field. By addressing these challenges, future reinforcement learning-driven compiler
optimizations could radically transform how code is optimized, leading to unprecedented levels of
performance across a wide variety of applications and platforms. The development of a reinforcement
learning model specifically for compiler phase ordering addresses a longstanding and complex problem
in compiler optimization, setting it apart from traditional methods and contributing to existing literature
in distinct ways. In the context of compiler optimization, phase ordering refers to the sequence in which
a compiler applies its various optimization passes, such as inlining, constant folding, loop unrolling,
and others [3]. The order of these phases can have a significant impact on the final performance of the
compiled code, but finding the optimal order is notoriously difficult. The search space is vast, and the
effect of one optimization phase can depend heavily on whether or not others have already been applied.
Traditional approaches often rely on static heuristics or manually tuned sequences, which struggle to
handle this complexity and provide suboptimal results for different programs and hardware
configurations. Existing literature on phase ordering optimization largely focuses on static heuristics or
rule-based methods. These methods follow pre-defined sequences or use simple metrics to decide the
order of optimization phases. While they can perform reasonably well for certain benchmarks, they lack
the adaptability to handle diverse workloads or changing hardware architectures. Once a sequence is
set, it remains static, and the same ordering is applied to all programs, regardless of their unique
characteristics.

In contrast to static methods, a reinforcement learning model brings dynamic decision-making into the
phase ordering problem [1]. A reinforcement learning model learns through trial and error, interacting
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with the environment to discover the most effective sequence of optimization phases for a specific
application or workload. This ability to learn from feedback and adapt its strategy over time
distinguishes reinforcement learning from traditional, static approaches. Reinforcement learning
models improve over time as they are exposed to more data and a wider variety of applications. With
each new piece of code it compiles, the model refines its understanding of which optimization phases
are most beneficial, continually enhancing performance without human intervention.

The results are ambiguous and open to multiple interpretations, indicating that the existing literature
often addresses phase ordering for specific benchmarks or hardware. reinforcement learning introduces
a generalizable framework where the model can learn to optimize for any type of application or
architecture, making it more versatile. This capability to generalize across workloads and systems fills
a critical gap in the literature, where static approaches are limited in their application to diverse
scenarios. Traditional models are constrained by predefined sequences or human intuition about phase
ordering. A reinforcement learning model; however, this paper has narrowed the focus limits; its
broader applicability is not limited to existing knowledge; it can discover new, previously unknown
phase orderings that result in higher performance. This capacity for novel discovery is a significant
contribution to compiler research, pushing the boundaries of what static approaches can achieve.

The search space for phase ordering is enormous, and brute force approaches are computationally
infeasible. Reinforcement learning contributes a structured exploration technique, using policies that
prioritize the most promising sequences based on past experiences. By efficiently exploring the search
space, reinforcement learning models can converge to optimal solutions more quickly than exhaustive
search methods, offering a scalable alternative to solving the phase ordering problem. Modern compiler
infrastructures like LLVM (Low-Level Virtual Machine) offer a modular design that can integrate with
machine learning models. Reinforcement learning models developed for phase ordering can be
seamlessly integrated with these infrastructures, contributing to the growing body of literature that
focuses on enhancing real-world compilers through intelligent, data-driven methods. This real-world
applicability adds practical value and differentiates reinforcement learning from purely theoretical
models. This argument is supported by anecdotal evidence rather than robust data. The findings remain
inconclusive due to the limited machine learning techniques for phase ordering, including supervised
learning models that predict optimal phase sequences based on prior examples. While ML approaches
in general have shown promise, reinforcement learning offers key advantages like adaptability,
autonomous optimization, and others. The conclusions are tentative and require further investigation in
reinforcement learning-based models are the difficulty in interpreting why certain phase sequences were
selected. Making the models more transparent would help developers understand the optimization
process and fine-tune it further. As compilers are often used across different hardware architectures,
reinforcement learning models need to be robust enough to adapt to a wide range of environments.
Ensuring scalability and transferability across platforms remains an important consideration for future
studies.

Specially, the findings are supported by credible sources, showcasing that the development of a
reinforcement learning-based model for compiler phase ordering represents a transformative shift in
compiler optimization research. By moving away from static heuristics and embracing dynamic,
workload-specific learning, reinforcement learning opens new possibilities for optimizing phase
ordering in ways that were previously unattainable. It contributes to existing literature by offering a
more adaptable, efficient, and generalizable approach, with the potential to significantly improve the
performance of compiled code across diverse applications and architectures. As the field evolves,
reinforcement learning is poised to become a key component in the future of intelligent compilers,
driving more sophisticated and autonomous optimizations. Table 1 captures the contributions,
limitations, and potential areas for future improvement of the discussed approaches in compiler
optimization using reinforcement learning and machine learning techniques.
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3. Reinforcement Learning Models for Compiler Phase Ordering Optimization

MLGO, developed by Google, is one of the pioneering efforts to apply reinforcement learning (RL) in
compiler optimization. It trains RL agents to make optimization decisions for specific code paths,
achieving significant performance gains compared to traditional static heuristics [4]. However, MLGO's
reliance on supervised learning for pretraining limits its ability to generalize across diverse workloads.
Additionally, its RL application is restricted to specific optimization passes, preventing it from
achieving comprehensive, end-to-end compiler optimization. Autophase addresses the challenging
problem of phase ordering in compiler optimization using RL. By reordering optimization passes in the
LLVM compiler infrastructure, it achieved notable performance improvements in benchmarks [5].
Nevertheless, Autophase depends on a predefined set of optimization phases, restricting its ability to
discover novel phase orderings outside these constraints. This limitation hampers its capacity to fully
leverage the potential of RL for innovative solutions in compiler optimization.

Table 1: Summary of models reviewed, their key contributions and limitations

Opportunities for Future

Model/Approach Key Contributions Limitations Work

MLGO -First to apply reinforcement - Relies on supervised -Extend RL beyond
learning (RL) for compiler learning for pretraining, specific passes to cover
optimization. limiting generalization. end-to-end compiler
-Demonstrated improved - RL application limited to  optimization.
optimization decisions for specific optimization -Improve generalization
specific code paths. passes. across varied workloads.

Autophase - Addressed phase ordering - Restricted to predefined - Develop RL models
problem using RL. h
-Achieved performance gains phase sets. capable of exploring
in benchmarks by reordering Limited discovery of outside predefined phases.
optimization passes in novel optimization paths - Expand applicability to a
LLVM outside predefined orders.  wider range of workloads.

DeepTune - Relies on supervised

NeuroVectorizer

COBAYN

General Trends

Future
Directions

- Utilized deep learning to
predict optimization
strategies.

- Achieved respectable results
in some benchmarks.

- Applied deep RL for loop
vectorization.

- Outperformed hand-tuned
heuristics in specific tasks.

- Used Bayesian networks for
predicting optimization
sequences based on code
characteristics.

- Improved runtime
performance over static
heuristics.

- RL shows clear potential for
complex optimization tasks
(e.g., phase ordering, loop
vectorization).

- ML approaches outperform
static heuristics in adaptability
and workload-specific tuning.

- Focus on creating models
that generalize across diverse
applications and hardware
architectures.

- Improve training efficiency
for real-time optimization.

- Enhance interpretability for
practical developer use cases.

learning, prone to
overfitting.

- Lack of interpretability in
decision-making.

- Less adaptive compared
to RL.

- Narrow scope limited to
loop vectorization.

- Lacks generalization to
broader compiler tasks
requiring multi-strategy
approaches.

- Limited adaptability as
probabilistic methods are
static.

- Unable to evolve
dynamically with new data
or workloads.

- Long training times and
high computational
overhead.

- Lack of interpretability in
ML and RL models.

- Often constrained by
pretraining or predefined
sequences.

- Current limitations
include scalability across
platforms and lack of
transferability.

- Insufficient data-driven
insights for phase ordering
beyond anecdotal
evidence.

- Combine deep learning
with RL to enhance
adaptability.

- Focus on interpretability
for developer insight.

- Broaden scope to
encompass multiple
compiler tasks.

- Integrate with general-
purpose compiler
frameworks.

- Explore hybrid
approaches combining
Bayesian methods with RL
for adaptability.

- Introduce mechanisms
for dynamic evolution.

- Develop generalizable
models for end-to-end
optimization.

- Reduce computational
costs with efficient
training techniques.

- Enhance model
transparency.

- Leverage modular
compiler infrastructures
like LLVM for seamless
integration.

- Develop frameworks to
scale RL to handle large
search spaces effectively.
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DeepTune utilizes deep learning to predict optimal optimization strategies for given code. It effectively
captures complex patterns in code, delivering competitive results in various benchmarks [6]. However,
its reliance on supervised learning makes it prone to overfitting and less adaptable compared to RL-
based approaches. Additionally, the lack of interpretability in its deep learning models limits its utility
for developers seeking to understand or refine the optimization process. NeuroVectorizer employs deep
RL to automate loop vectorization, a complex and critical compiler optimization task. It demonstrated
superior performance over hand-tuned heuristics by effectively learning optimal vectorization strategies
[7]. However, its scope is narrowly focused on loop vectorization, reducing its generalizability to
broader compiler tasks. Despite this limitation, NeuroVectorizer underscores the potential of RL in
solving specific compiler optimization challenges. COBAYN applies Bayesian networks to predict
optimization sequences based on code characteristics, achieving improved runtime performance
compared to static heuristics [5]. However, its probabilistic approach lacks the dynamic adaptability of
RL models, as it cannot evolve with new data or workloads. COBAYN’s static nature limits its
applicability in scenarios requiring continuous learning, though its probabilistic reasoning could
complement RL in hybrid approaches.

Highlights of RL models' contributions, limitations, and future potential in compiler optimization,
emphasizing the need for generalizability, adaptability, and interpretability in future research are
presented in Table 2.

Table 2: RL models' contributions, limitations, and future potential in compiler optimization

Model Key Contributions Limitations Potential Improvements  Refs.

MLGO Introduced RL for Relies on supervised Extend to end-to-end [4]
compiler optimization; pretraining; RL limited to  optimization; improve
improved code path- specific optimization generalization across
specific decisions. passes. diverse workloads.

Autophase Leveraged RL for phase  Constrained by predefined Enat_)le explorgtlon [5]

R i Y outside predefined
ordering in LLVM,; phase sets; limited 0
: . phases; increase
achieved performance discovery of novel phase L :
. . flexibility for diverse
gains in benchmarks. orderings.
tasks.
DeepTune Applied deep learning to Prone to gverflttlng; lacks Combine with RL for [6]
. A adaptability and i
predict optimization ; A adaptability; enhance
L interpretability; not a ; .
strategies; captured ; . interpretability for
continuous learning L
complex code patterns. developer insights.
model.

NeuroVectorizer Applied deep RL for Narrow scope focused on  Broaden scope to [7]
loop vectorization; loop vectorization; lacks include multiple tasks;
outperformed hand-tuned generalization to broader integrate into modular
heuristics. compiler tasks. compiler frameworks.

COBAYN Used Bayesian networks [5]

for optimization
sequence prediction;
improved runtime
performance.

Lacks adaptability to new
data; cannot dynamically
evolve like RL models.

Combine with RL for
dynamic learning;
enhance scalability and
adaptability.

4. Methodology

This section outlines the methodology used to review and analyze reinforcement learning (RL) models
applied to compiler phase ordering for specific applications. The scope of this review was defined to
focus on RL-based approaches for optimizing compiler phase ordering. This includes identifying
studies that utilize reinforcement learning or deep reinforcement learning techniques, target the
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optimization of compiler phase ordering, specifically addressing performance improvements for
applications, and provide insights into the contributions, limitations, and potential enhancements of
these models. Relevant literature was gathered using the following methods:

i. Database Searches: Academic databases such as IEEE Xplore, ACM Digital Library,
SpringerLink, and Google Scholar were searched using keywords like "reinforcement learning
in compilers,” "compiler phase ordering," and "machine learning-based compiler optimization."

ii. Citation Chaining: References in key papers were reviewed to identify additional relevant
studies.

iii. Inclusion Criteria: Studies were included if they (1) proposed an RL model for compiler
optimization, (2) were published in reputable journals or conferences, and (3) provided
empirical evaluations of their approaches.

An evaluation framework was developed to systematically assess each RL model. In the framework,
the primary innovations and results achieved by the model. The technical approach, including RL
algorithms used, data requirements, and integration with compiler infrastructures. Challenges and
constraints identified in the study, such as scalability, generalizability, and interpretability.
Opportunities for future enhancements based on the limitations and emerging trends in the field. Each
selected study was critically analyzed based on the evaluation framework and the insights from the
analysis were synthesized to identify common trends and challenges in RL-based compiler
optimization, propose recommendations for future research directions, such as developing more
generalizable RL models and addressing interpretability issues, and develop a summary table for
concise comparison of the reviewed models. The findings were validated by cross-referencing them
with recent reviews, surveys, and meta-analyses in the field of machine learning and compiler
optimization. Expert opinions from domain-specific publications were also considered to ensure the
relevance and accuracy of conclusions.

4.1 Evaluation framework

This evaluation framework is designed to systematically assess reinforcement learning (RL) models
based on their contributions, methodology, limitations, and potential improvements. Each dimension is
outlined with specific evaluation criteria to ensure a comprehensive and objective review. This
framework ensures a structured and comprehensive assessment of RL models, facilitating a deeper
understanding of their contributions and opportunities for future advancements. Table 3 provides a
detailed evaluation framework for assessing reinforcement learning models in compiler phase ordering
optimization, focusing on their contributions, methodologies, limitations, and potential improvements.

5. Critical Analysis of Selected Studies Based on the Evaluation Framework

MLGO introduced reinforcement learning (RL) to compiler optimization by employing RL agents
trained through supervised pretraining. Its primary objective was to improve optimization decisions for
specific code paths, demonstrating significant performance gains over traditional heuristic methods
[22]. Experimental results validated MLGO's ability to adapt to specific workloads, but its reliance on
supervised pretraining limited generalizability across diverse applications [1]. Additionally, the scope
of MLGO was constrained to specific optimization passes, hindering its end-to-end applicability. While
MLGO laid a strong foundation, its potential to scale to broader compiler tasks and support generalized
learning remains untapped.

Autophase leveraged RL to tackle the phase ordering problem in the LLVM compiler framework. The
model reordered predefined optimization phases, achieving notable benchmark performance
improvements. However, its reliance on predefined phase sets restricted its capacity to discover novel
optimization strategies. The study showcased the viability of RL in compiler phase ordering but did not
address the dynamic exploration of phase spaces beyond human-designed constraints. This highlights
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a significant gap: the need for models that autonomously discover and optimize novel phase orderings,
ensuring adaptability across diverse codebases and hardware platforms [23].

DeepTune applied deep learning to predict optimization strategies, focusing on capturing complex code
patterns through supervised learning. The experimental results showed respectable performance gains;
however, the model faced significant challenges, including overfitting and a lack of adaptability to
evolving workloads. Additionally, its black-box nature limited interpretability, making it difficult for
developers to understand and refine optimization strategies. DeepTune's reliance on static datasets
further constrained its utility in dynamic environments. The study underscores the importance of
integrating RL to introduce adaptability and enhance the model's transparency for practical compiler
optimization tasks [24].

NeuroVectorizer employed deep RL to optimize loop vectorization, a critical yet challenging task in
compiler optimization. The model outperformed traditional hand-tuned heuristics, showcasing RL's
ability to handle specific, high-impact tasks. However, the study’s narrow focus on loop vectorization
limited its applicability to broader compiler tasks. The lack of generalization and modularity in the
approach highlights a gap in designing RL models capable of handling multiple optimization tasks
simultaneously. Future research should aim to expand the scope of such models to support
comprehensive, multi-task optimization frameworks within modular compiler infrastructures [9].

Table 3: Evaluation framework for reinforcement learning models in compiler phase ordering

optimization
Dimension MLGO Autophase DeepTune NeuroVectorizer COBAYN
Key Demonstrated ~ Applied deep Used Bayesian
Contributions  Introduced RL RL's potential  learning to Applied deep RL  networks  for
for ~ compiler in phase predict for loop predicting
optimization; ordering; optimization vectorization; optimization
improved code achieved strategies; outperformed sequences;
path-specific benchmark captured hand-tuned improved
decisions. performance complex code heuristics. runtime
gains. patterns. performance.
Methodology Used RL agents Applied RI.‘ Supe_rwsed Probabilistic
. . for reordering  learning Used deep RL .
with supervised . ) . . model trained
A predefined approach; algorithms;
pretraining; : X on code
' . phases in trained on focused on loop o
integrated with . o characteristics;
- LLVM; datasets of code vectorization .
specific . S used predefined
ST trained on features and tasks within
optimization A . sequences for
benchmark optimization compilers. T
passes. data oUtComes optimization.
Limitations Constrained Prone to
Limited to . overfitting; Narrow scope Lacks
L ) by predefined S -
specific tasks; . lacks limited to loop adaptability to
phase sets; - S ) X
lacks limited adaptability and vectorization; new data; static
generalizability . interpretability;  lacks nature prevents
. discovery of . - .
due to reliance novel not designed for generalizationto  dynamic
on pretraining. - continuous broader tasks. learning.
orderings. .
learning.
Potential Enable Broaden scope to
Improvements Extend to end-  exploration Combine with - P Combine with
include ;
to-end beyond RL for o RL for dynamic
L : —_— additional e
optimization; predefined adaptability; . . adaptability;
. ) compiler tasks;
improve phases; enhance model . . enhance
S ' integrate into o
generalization increase transparency scalability and
o modular -
across flexibility for and . data-driven
. : - compiler :
workloads. diverse interpretability. learning.
L frameworks.
applications.
References [1] [2] [3] [4] [5]
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COBAYN utilized Bayesian networks to predict optimization sequences based on code characteristics,
achieving runtime performance improvements over static heuristics. Despite its success, COBAYN's
static nature limited its adaptability to new data and evolving workloads [25]. The study highlighted the
potential of probabilistic approaches but failed to address the dynamic learning capabilities required for
real-time compiler optimization. Integrating RL into COBAYN could enhance its scalability and
adaptability, enabling it to evolve dynamically with new workloads and hardware architectures [26].
Table 4 provides a comparative analysis of the strengths, weaknesses, and research gaps identified in
the reviewed reinforcement learning models for compiler optimization.

Table 4: Comparative analysis of strengths, weaknesses, and research gaps in RL models for compiler
optimization

RL Model Areas for Refs.
Strengths Weaknesses Research Gaps Further
Exploration
MLGO -Demonstrated . [27]
. " - Limited by N
nenhancing | reliance on Foauuenon
compiler super\_/ls_ed specific tasks, - Extend to end-
optimization pretraining and leaving a gap for  to-end
through predefined end-to-end optimization
im rogved optimization optimization P .
de(I:Dision—making passes, reducing fr%meworks
for code paths. generalizability.
- Improved code - Lacks i érr?epr;?i\gtion
path-specific adaptability across g :
. . across diverse
decisions. diverse workloads. workloads
Autophase - Dynamic [28],
AR oy (N )
ordering predefm_ec_i phase capable of exploration
achievinig sets, limiting dynamic beyond
performance exploration of exploration predefined
ains in novel phase beyond hases
g orderings. yone P '
benchmarks. predefined
sequences.
;:(())rc duesreig on -Limited - Increase
raering flexibility for flexibility for
optimization . .
o diverse diverse
passes within applications applications
LLVM. ' '
DeepTune -Captured ) —_— i . . [30],
complex code -Prone to Interpretability: Combine with [31].
N Black-box nature  RL for
patterns to overfitting; lacks limi : [32]
. - imits continuous
predict adaptability and . .
o : - transparency in learning and
optimization interpretability. S . -
. decision-making.  adaptability.
strategies.
- Offered a - Not designed for ;Ei?rs]ag?:nc
unique approach continuous and P ’
to s?rate " learning, hindering interpretabilit
alegy real-time P y
prediction. for developer

adaptation.

insights.
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6. Trends and Challenges in RL-Based Compiler Optimization

Task-Specific Optimization: A consistent trend among the reviewed models is their focus on
specific optimization tasks, such as loop vectorization (NeuroVectorizer), phase ordering
(Autophase), and code path optimization (MLGO). While these models achieve impressive
results within their specific domains, they struggle with generalization across broader compiler
tasks. The narrow scope of these models limits their ability to handle complex, end-to-end
compiler optimization, a key challenge in real-world applications.

Dependency on Predefined Sequences: Many models, including MLGO and Autophase, are
constrained by predefined optimization sequences or phase sets. These static approaches
prevent the models from exploring novel strategies, limiting their ability to adapt dynamically
to new workloads or hardware configurations. The challenge here lies in finding a balance
between predefined rules and the flexibility of RL models to discover optimal solutions
autonomously.

Lack of Interpretability: Interpretability is a significant challenge in RL-based compiler
optimization, especially in models like DeepTune and NeuroVectorizer. The "black-box"
nature of these models makes it difficult for developers to understand why certain optimization
decisions are made, hindering their practical adoption. This issue is compounded by the need
for continuous learning and real-time adaptation, which is not fully realized in many models.
Scalability and Efficiency: Long training times and computational overheads are major
barriers, particularly for RL models like MLGO and NeuroVectorizer. These models require
large datasets and extensive pretraining, which makes them less suitable for real-time
optimization or deployment in resource-constrained environments. Improving the efficiency of
RL models without sacrificing their performance is a critical challenge.

7. Evaluation of Data from Reviewed Sources

Data analysis was carried out by generating a dataset based on the comparison of findings and validation
for RL-based compiler optimization models. The dataset reflects the different aspects of RL-based
compiler optimization models and their associated findings and validations. The columns and rows in
Table 6 was used to derive the dataset in Table 7. Each research aspect was assigned a numerical value
reflecting the strength of the findings and validations on a scale of 1 to 5 as shown in Table 5. Figure 1
shows the bar plot for findings against validation scores. On the other hand, Figure 2 shows a heatmap
representing the intensity of findings and validations across different research aspects.

Table 5: Assigned numerical value based on strength of the findings from reviewed sources

Strength Assigned numerical value

Very Weak

Weak

Neutral

Strong

Very Strong

O~ wWwN PR
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Table 6: Comparison of findings and validation for RL-based compiler optimization models

Research Aspect Findings Validation References
Tasl_<-S_pec_|f|c RL-based models like MLGO Recent surveys confirm that [31]
Optimization and and NeuroVectorizer are machine learning-based models,
Generalization . - including RL, frequently focus
often limited to task-specific -
. s on task-specific tasks,
optimizations, restricting hasizing th qf
eneralization. emphasizing the need for
g generalizable frameworks.
Dependency on Research highlights [32]
Predefined Models like MLGO and "compilation forking" as a
Sequences Autophase rely on predefined  solution to dynamically generate
sequences, which hinders optimization sequences for
their adaptability to new tasks diverse scenarios, mitigating the
and workloads. limitation of predefined
sequences.
Lack of The need for more transparent
Interpretability RL-based models, such as machl_ne Iear_nlr}g models in
compiler optimization has been
DeepTune, often lack !
. o I addressed in recent research,
interpretability, complicating such as using large language
their real-world application. models (LLMs) to enhance
interpretability.
Sca_la_blllty and Long training times and Recent MLComp methodqlogles
Efficiency . reduce training time by using
computational overheads L
. . performance estimation and
hinder the practical . S
o . Pareto-optimal optimization
application of RL models like sequences, addressing scalabilit
MLGO and NeuroVectorizer. issf]ues ’ g y
Dynar_mc Models like COBAYN and Contmyous Iearn_lr}g and [33]
Learning and . dynamic adaptability have been
- Autophase struggle with 7 .
Adaptability . . highlighted in recent research as
adaptability due to static - . .
Lo essential for improving RL-
optimization sequences. . L2
based compiler optimization.
Generalizationto  Most models, including Surveys on compiler autotuning  [34], [35]
End-to-End MLGO and NeuroVectorizer, emphasize the need for end-to-
Optimization focus on specific tasks, end optimization solutions
leaving a gap in generalizable capable of handling multiple
end-to-end optimization. tasks across various scenarios.
:\r)lfgl:?:ron into ;e:émiscgfgiﬁ?on Into Recent studies advocate for the [36], [37]
. . pI ' integration of RL models into
Compiler infrastructures like LLVM is e .
. . existing compiler frameworks,
Frameworks critical but underexplored in ? . . .
. . enhancing their functionality
models like NeuroVectorizer and aoolicabilit
and COBAYN. PP Y-
Table 7: Comparison findings and validation scores for each research aspect
Research Aspect Findings Validation
Task-Specific Optimization and Generalization 4 4
Dependency on Predefined Sequences 5 5
Lack of Interpretability 4 4
Scalability and Efficiency 5 4
Dynamic Learning and Adaptability 4 5
Generalization to End-to-End Optimization 5 5
Integration into Modular Compiler Frameworks 4 4
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Comparison of Findings and Validation Scores
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8. Proposed Recommendations for Future Research Directions
i.  Developing More Generalizable RL Models: Future research should focus on creating RL
models capable of generalizing across multiple compiler tasks and workloads. Rather than
being restricted to specific optimizations like loop vectorization or phase ordering, these models
should be designed to adapt to a range of optimization strategies, thus enabling end-to-end
optimization [38], [39] . This would require a more comprehensive understanding of compiler
structures and optimization goals.

ii.  Addressing Interpretability Issues: There is a pressing need for more transparent RL models
in the context of compiler optimization. Future models should include mechanisms to provide
developers with insights into the optimization process [40]. This could involve incorporating
explainable Al techniques or visualizations that highlight the reasoning behind optimization
decisions. This would improve trust in RL models and allow developers to fine-tune their
behavior [41].

iii.  Reducing Training Time and Computational Overhead: Efficiency in training RL models
is another key area for improvement. Research should explore techniques such as transfer
learning, meta-learning, or more efficient exploration strategies to reduce training time and
computational resources [42], [43]. This would make RL-based compiler optimization more
practical for real-time applications [44].

iv.  Dynamic Learning and Adaptability: Models should be developed with the ability to
dynamically learn from new data, continuously adapting to different workloads and hardware
configurations. This would address the limitation of predefined sequences and allow RL models
to explore novel optimization paths, improving their versatility and performance across a wider
range of applications [45].

9. Conclusion

This paper provides a review of reinforcement learning (RL)-based models applied to compiler phase
ordering optimization, identifying both the strengths and limitations of existing approaches. The
analysis of models such as MLGO, Autophase, DeepTune, NeuroVectorizer, and COBAYN highlights
the significant progress made in using RL to optimize various compiler tasks, from phase ordering to
loop vectorization. Key contributions include the introduction of RL for enhancing decision-making in
optimization processes, as well as improvements in performance compared to traditional heuristic
methods. These models demonstrate RL’s potential to tackle complex, dynamic tasks, which static
heuristics struggle to address.

The review also reveals critical gaps in the current body of knowldege. Many of the models are
constrained by task-specific optimization, reliance on predefined sequences, and limited adaptability.
These factors restrict the models' generalization capabilities, preventing them from being applied to
broader compiler optimization tasks or adapting to diverse workloads. Additionally, the lack of
interpretability in some RL models, such as DeepTune, makes it difficult for developers to understand
and refine the optimization process, which could hinder practical adoption.

Future research should focus on developing more generalizable RL models that can optimize multiple
tasks within the compiler process, without being restricted by predefined sequences or phases.
Enhancing the adaptability and scalability of these models is essential to support dynamic learning
across diverse and evolving software and hardware environments. Moreover, addressing the
interpretability of RL models will make them more practical for real-world applications, allowing
developers to gain insights into the optimization decisions and further refine the process. Lastly,
seamless integration of RL models into modular compiler frameworks, such as LLVM, will be crucial
for ensuring the broader applicability and impact of RL-based optimization techniques.
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