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Abstract: 

Modern compiler optimization remains one of the most challenging problems in computer 

systems research. Conventional compiler pipelines rely on static, manually crafted heuristics 

to determine optimization passes, instruction scheduling, and register allocation. However, as 

software complexity and hardware heterogeneity increase, these heuristics struggle to 

generalize across workloads, architectures, and programming paradigms. This paper proposes 

an autonomous reinforcement learning (RL) framework for compiler design, in which 

optimization pass selection and parameter tuning are treated as sequential decision-making 

tasks. 

The proposed system formulates compiler optimization as a Markov Decision Process (MDP), 

where the state represents the intermediate representation (IR) of code, the actions correspond 
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to possible optimization passes, and the reward is derived from performance improvements 

such as reduced execution time or binary size. A Graph Neural Network (GNN) encoder 

captures structural information from IR graphs, while a deep reinforcement learning agent 

(e.g., PPO or DQN) learns optimization policies that generalize across programs and 

architectures. The framework integrates with the LLVM and MLIR compiler infrastructures 

and is evaluated on benchmark suites including SPEC CPU2017 and PolyBench. Experimental 

results indicate up to 35% performance improvement over standard -O3 optimization levels 

and 20% reduction in code size without compromising compilation time. Ablation studies 

confirm that GNN-based state encoding and multi-objective reward shaping are essential to 

policy stability and cross-architecture generalization. This study contributes a modular, 

scalable approach to autonomous code optimization, bridging the gap between classical 

compiler theory and data-driven decision systems. The paper concludes with open challenges 

in interpretability, real-time adaptation, and integration with differentiable compiler toolchains. 

Keywords: Reinforcement Learning, Compiler Optimization, Code Generation, Graph Neural 

Networks, LLVM, MLIR, Autonomous Systems, Deep Learning, Optimization Pass 

Scheduling 

1. INTRODUCTION 

Compilers play a pivotal role in modern computing, transforming human-readable source code 

into machine-executable binaries. Beyond syntactic translation, compilers are responsible for 

optimizing programs to execute efficiently on target architectures. Optimization passes—such 

as loop unrolling, constant propagation, instruction scheduling, and vectorization—are 

traditionally governed by static heuristics encoded by human experts. While these rules capture 

decades of engineering knowledge, they suffer from a key limitation: they cannot adapt 

dynamically to the diversity of workloads and microarchitectures emerging in the modern 

computing landscape. 

1.1 The Motivation for Autonomous Optimization 

Over the past decade, computing has diversified into heterogeneous ecosystems comprising 

CPUs, GPUs, FPGAs, and domain-specific accelerators. Each platform exhibits unique 

performance characteristics, making it nearly impossible for a single heuristic to remain 

optimal across all targets. Moreover, the combinatorial explosion of optimization pass 

orderings in compilers such as LLVM—where hundreds of passes can be arranged in numerous 

ways—renders exhaustive search infeasible. 

For example, LLVM’s -O3 optimization sequence contains over 200 passes, yet empirical 

studies have shown that rearranging even a few passes can significantly impact performance. 

This observation motivates the need for autonomous compiler frameworks capable of 

discovering optimal or near-optimal optimization sequences dynamically, based on empirical 

feedback from actual code execution or simulation. 

1.2 Limitations of Traditional Compiler Optimization 



International Journal of Applied Mathematics 

Volume 38  No. 11s  2025,   

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version) 

 
   Received: August 04, 2025 1792 

Traditional compilers rely heavily on hand-engineered cost models that estimate the effect of 

optimization passes. However, these models are often incomplete or inaccurate because they 

cannot fully capture runtime interactions between passes or model hardware-level effects such 

as cache behavior and instruction-level parallelism. The resulting performance gaps are 

particularly evident when optimizing programs for novel hardware architectures or 

unconventional programming paradigms like functional or domain-specific languages.Even 

sophisticated optimization levels (-O1, -O2, -O3, and -Os) are generalized approximations that 

may be suboptimal for specific workloads. Developers seeking optimal performance often 

resort to manual tuning or autotuning frameworks, which are time-consuming and error-prone. 

1.3 Machine Learning in Compiler Optimization 

Machine learning (ML) has recently emerged as a promising avenue to address compiler 

limitations. Early work such as DeepTune [1] and Ithemal [2] used supervised learning to 

predict performance characteristics or choose optimization flags. Later, systems like AutoPhase 

[3] and MLGO [4] adopted reinforcement learning to schedule compiler passes. However, most 

of these systems face two major challenges: 

1. Limited generalization — models trained on one set of benchmarks often fail to transfer to 

unseen programs or architectures. 

2. Opaque decision processes — ML models act as black boxes, offering little interpretability 

regarding optimization rationale. 

These limitations hinder trust and usability in production compiler pipelines. Therefore, an 

integrated, interpretable, and generalizable learning-based optimization framework remains 

an open research frontier. 

1.4 Research Hypothesis 

This paper hypothesizes that compiler optimization can be effectively modeled as a sequential 

decision-making problem, where each optimization pass corresponds to an action and the code 

state evolves through the application of these actions. A reinforcement learning agent, trained 

through trial and error, can learn policies that generalize across diverse codebases and 

architectures. By leveraging graph neural networks (GNNs) to encode intermediate 

representations and multi-objective reward functions to balance competing optimization goals 

(speed, size, and energy), the compiler can autonomously improve its optimization decisions. 

1.5 Contributions 

The key contributions of this paper are as follows: 

1. A Reinforcement Learning Formulation of Compiler Optimization: 

We formalize compiler optimization as an MDP, defining states, actions, and rewards explicitly 

in terms of the compiler’s intermediate representation and execution feedback. 

2. A Graph-Based State Encoder for Code Representations: 

We introduce a GNN-based encoder that captures both control-flow and data-flow relationships 

within the IR, providing the RL agent with a rich representation of program structure. 
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3. A Modular Multi-Agent Optimization Framework: 

The proposed architecture allows multiple agents to specialize in different compiler stages 

(e.g., loop optimization, register allocation), coordinating through shared reward signals. 

4. Multi-Objective Reward Shaping: 

The framework integrates performance, binary size, and energy consumption into a unified 

objective, allowing fine-grained trade-offs during policy training. 

5. Empirical Validation and Benchmarking: 

The system is implemented atop LLVM and MLIR, evaluated against standard optimization 

levels and state-of-the-art ML-based compilers. Results demonstrate significant performance 

improvements and robust cross-platform generalization. 

1.6 Overview of the Proposed Framework 

At a high level, the proposed framework integrates an RL agent into the compiler’s 

optimization loop. Each time the compiler encounters an IR, the agent: 

1. Extracts features via the GNN encoder. 

2. Selects the next optimization pass to apply based on the learned policy. 

3. Receives feedback (reward) after the modified code is compiled and evaluated. 

4. Updates its policy to favor transformations that yield better performance. 

Over time, the agent learns an optimal pass sequence that maximizes cumulative reward. This 

continuous feedback cycle enables the compiler to adapt dynamically to new workloads and 

architectures. 

Figure 1 about here — Illustration of traditional versus RL-based compiler optimization 

pipelines. 

1.7 Potential Impact 

Autonomous compiler optimization could dramatically reduce human effort in compiler tuning 

while improving portability across devices. It represents a significant step toward self-

optimizing software systems—systems capable of learning and adapting without explicit human 

intervention. The implications span multiple domains, including: 

• Edge computing and IoT: where resource-constrained environments demand highly efficient 

code. 

• High-performance computing (HPC): where small performance gains translate to large-scale 

energy and cost savings. 

• AI and ML model compilation: where frameworks like TensorFlow XLA or TVM could benefit 

from adaptive optimization guided by RL agents. 

2. BACKGROUND AND RELATED WORK 

2.1 Traditional Compiler Design 
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A compiler transforms high-level source code into optimized machine code through several 

well-defined stages: lexical analysis, parsing, semantic analysis, intermediate representation 

(IR) generation, optimization, and code generation. The optimization phase is arguably the 

most complex and critical, as it determines the runtime performance and resource efficiency of 

the final program. 

In traditional compiler architectures like LLVM, GCC, and MLIR, optimization is driven by 

passes—modular transformations that improve performance, reduce code size, or simplify 

program logic. Examples include constant propagation, loop unrolling, dead code elimination, 

and register allocation. The compiler’s “optimization level” (e.g., -O1, -O2, -O3, -Os) 

corresponds to pre-defined pass sequences tuned by compiler engineers. 

However, this static strategy has key drawbacks: 

• Non-optimal pass ordering: The performance of an optimization often depends on the context 

set by previous transformations. 

• Architecture dependency: Rules optimized for one processor architecture may perform 

poorly on another. 

• Heuristic rigidity: The use of hard-coded decision heuristics cannot adapt to dynamic 

workloads or new languages. 

These limitations have motivated a shift toward data-driven compiler optimization, where 

machine learning techniques guide or replace heuristic decision-making. 

Figure 2 about here — Comparison between traditional heuristic-based and RL-driven 

compiler optimization flows. 

2.2 Compiler Optimization as a Combinatorial Search Problem 

Compiler optimization can be seen as a combinatorial optimization task: given a set of 

optimization passes 𝑃 = {𝑝1, 𝑝2, . . . , 𝑝𝑛}, the goal is to find an optimal sequence 𝑆∗ ⊆ 𝑃that 

maximizes a performance metric 𝑓(𝑆)such as execution speed or energy efficiency. 

The number of possible pass sequences grows factorially with 𝑛: 

∣ 𝑆 ∣= 𝑛!    ⟹   search space complexity is exponential. 

 

This makes brute-force search intractable for modern compilers that include hundreds of 

passes. Even metaheuristics like genetic algorithms and simulated annealing struggle to 

converge efficiently in such spaces, motivating the use of reinforcement learning, where agents 

learn policies through experience instead of exhaustive enumeration. 

2.3 Reinforcement Learning Foundations 

Reinforcement Learning (RL) formalizes decision-making problems as a Markov Decision 

Process (MDP) defined by a tuple (𝑆, 𝐴, 𝑃, 𝑅, 𝛾): 

• 𝑆: set of possible states (e.g., the current IR graph). 
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• 𝐴: set of actions (e.g., available optimization passes). 

• 𝑃(𝑠′ ∣ 𝑠, 𝑎): transition probability after applying action 𝑎. 

• 𝑅(𝑠, 𝑎): scalar reward for the resulting performance change. 

• 𝛾 ∈ [0,1): discount factor for future rewards. 

The objective of an RL agent is to learn a policy 𝜋(𝑎 ∣ 𝑠)that maximizes the expected 

cumulative reward: 

𝐽(𝜋) = 𝔼𝜋[∑

𝑇

𝑡=0

𝛾𝑡𝑅(𝑠𝑡, 𝑎𝑡)]. 

 

In the compiler context, each action modifies the IR, creating a new state whose performance 

can be empirically evaluated. The agent iteratively improves its policy to produce sequences 

that yield better rewards (i.e., more efficient compiled code). 

2.4 Graph Neural Networks in Compiler Optimization 

Intermediate representations (IRs) such as LLVM IR or MLIR are naturally structured as 

graphs, capturing control flow and data dependencies. This makes Graph Neural Networks 

(GNNs) a natural choice for encoding program states in RL-based compilers. 

A typical IR graph 𝐺 = (𝑉, 𝐸)consists of: 

• Nodes (V): Instructions, operations, or basic blocks. 

• Edges (E): Control-flow or data-flow dependencies. 

A GNN learns to represent the IR as a continuous vector embedding: 

ℎ𝑣
(𝑘)

= 𝜎( ∑

𝑢∈𝑁(𝑣)

𝑊(𝑘)ℎ𝑢
(𝑘−1)

+ 𝑏(𝑘)), 

 

where ℎ𝑣
(𝑘)

is the embedding of node 𝑣at layer 𝑘, and 𝑊(𝑘)are learnable weights. The final 

graph-level embedding aggregates node embeddings, providing a global representation of the 

program’s structure. This embedding forms the state representation for the RL agent, allowing 

it to generalize across diverse programs. 

Figure 3 about here — Visualization of IR graph encoding via GNN. 

2.5 Related Work 

Machine Learning for Compiler Heuristics 

Early research attempted to replace compiler heuristics with supervised models. For example, 

DeepTune [1] predicted optimal compiler flags for given code snippets, and Ithemal [2] 

learned to predict instruction throughput. Although effective in specific contexts, these models 

required labeled training data and lacked adaptability. 
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Reinforcement Learning for Pass Scheduling 

RL-based compilers such as AutoPhase [3] and MLGO [4] represented a paradigm shift by 

learning optimization pass sequences through interaction with the compiler environment. 

AutoPhase trained RL agents to select optimization passes in LLVM, achieving measurable 

speedups over -O3. However, its representation was hand-engineered, limiting generalization. 

MLGO integrated Google’s production compilers with RL, focusing on function inlining and 

register allocation, yet it relied on narrow task-specific training. 

 

Meta-Learning and Transfer Learning Approaches 

Other approaches explored transferability. MetaOpt [5] and AutoTVM [6] applied meta-

learning for parameterized code optimization, while OpenTuner [7] used multi-armed bandits 

for autotuning. Despite promising results, these systems often required re-training for new 

hardware targets, incurring high computational costs. 

GNNs and Program Representations 

The use of graph neural networks for code analysis has grown rapidly. NeuroVectorizer [8] 

and DeepSmith [9] used GNNs to encode program structure for tasks such as vectorization 

and bug detection. In compiler optimization, GNNs have shown potential in capturing 

contextual information lost in feature-engineered models. 

Table 1 about here — Summary of prior ML-based compiler optimization techniques. 

2.6 Research Gap 

Despite these advances, existing systems face three persistent challenges: 

1. Limited generalization — most models overfit to benchmark datasets or specific 

architectures. 

2. Lack of interpretability — RL agents often act as black boxes, making it difficult to analyze 

learned behaviors. 

3. Integration complexity — ML-based optimizers are rarely compatible with existing compiler 

toolchains without significant engineering overhead. 

This research aims to address these challenges by designing a unified, modular, and 

interpretable RL framework that: 

• Operates directly on IR graphs via GNN encoders. 

• Learns to optimize pass sequences across diverse architectures. 

• Integrates seamlessly into existing compiler infrastructures (LLVM, MLIR). 

 

3. PROBLEM DEFINITION 

3.1 Formalizing Compiler Optimization as an MDP 
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Let 𝒞denote a compiler with a finite set of optimization passes 𝑃 = {𝑝1, 𝑝2, . . . , 𝑝𝑛}. 

Given a program 𝒫, the compiler produces a sequence of intermediate representations: 

𝐼𝑅0 →
𝑝𝑖1

𝐼𝑅1 →
𝑝𝑖2

… →
𝑝𝑖𝑇

𝐼𝑅𝑇 , 

where 𝐼𝑅𝑡is the state of the code after the 𝑡-th transformation. 

At each timestep 𝑡: 

• The state 𝑠𝑡 = 𝑓(𝐼𝑅𝑡)is the encoded IR graph. 

• The action 𝑎𝑡 ∈ 𝑃is the chosen optimization pass. 

• The reward 𝑟𝑡is derived from a measurable improvement metric: 

𝑟𝑡 = 𝑤1 ⋅ Speedup(𝐼𝑅𝑡, 𝐼𝑅𝑡−1) + 𝑤2 ⋅ CodeSizeReduction(𝐼𝑅𝑡) + 𝑤3

⋅ EnergyEfficiency(𝐼𝑅𝑡), 

 

where 𝑤1, 𝑤2, 𝑤3are weights for multi-objective optimization. 

The goal is to learn a policy 𝜋∗(𝑎 ∣ 𝑠)that maximizes the expected cumulative reward: 

𝜋∗ = arg⁡max⁡
𝜋

𝔼𝜋[∑

𝑇

𝑡=0

𝛾𝑡𝑟𝑡]. 

Figure 4 about here — Illustration of the MDP formulation for compiler optimization. 

3.2 Multi-Objective Reward Formulation 

Compiler optimization involves trade-offs among multiple objectives: runtime performance, 

binary size, energy efficiency, and compilation latency. 

The reward function is thus formulated as a weighted sum: 

𝑅𝑡 = 𝛼 ⋅ 𝑅speed + 𝛽 ⋅ 𝑅size + 𝛿 ⋅ 𝑅energy, 

 

subject to normalization and dynamic adjustment to ensure balanced learning. 

By adjusting weights 𝛼, 𝛽, 𝛿, the system can prioritize specific objectives (e.g., minimize 

energy for edge devices or maximize speed for HPC). 

3.3 State Encoding and Feature Extraction 

Each IR graph is converted into a structured representation using GNN embeddings and static 

features such as: 

• Instruction mix (arithmetic, memory, control) 

• Loop nesting depth 

• Control-flow entropy 

• Data-dependency density 

The final state vector is a concatenation: 
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𝑠𝑡 = [ℎ𝐺; 𝑓static], 

 

where ℎ𝐺is the GNN-encoded representation and 𝑓staticincludes numeric program-level 

statistics. 

3.4 Optimization Objective 

Formally, the RL framework seeks to discover an optimization sequence policy 

𝜋𝜃parameterized by neural weights 𝜃, minimizing negative reward: 

min⁡
𝜃

  𝐿(𝜃) = −𝔼𝜋𝜃[∑

𝑇

𝑡=0

𝛾𝑡𝑅𝑡]. 

This objective is optimized via policy gradient or actor-critic algorithms, depending on the 

chosen RL variant (e.g., PPO, A3C, DQN). 

3.5 Problem Constraints 

Several practical constraints must be respected: 

• Compilation latency constraint: optimization decisions must not increase compile time 

beyond a threshold. 

• Hardware compatibility: optimization passes must preserve correctness across architectures. 

• Reward evaluation cost: full execution-based reward signals may be expensive; proxy metrics 

or simulation-based estimates are often used during training. 

SUMMARY 

This section formalized the compiler optimization process as a sequential decision problem 

suitable for reinforcement learning. By defining explicit states, actions, and rewards over the 

IR space, we establish the theoretical foundation for the proposed framework. The next section 

introduces the reinforcement learning framework and system architecture, describing how 

the agent, environment, and compiler interface interact in practice. 

4. Reinforcement Learning Framework for Compiler Design 

The proposed framework integrates reinforcement learning (RL) directly into the compiler 

optimization process. Rather than applying a fixed set of heuristic passes, the compiler interacts 

with an RL agent that dynamically determines which optimization to perform at each stage. 

This section presents the system design, RL formulation, and the learning algorithms used to 

enable autonomous optimization. 

4.1 System Overview 

The system architecture comprises five major components: 

1. Intermediate Representation (IR) Extractor: 

Converts the input source code into the compiler’s intermediate representation (LLVM IR or 

MLIR). This stage provides a structural representation suitable for learning. 
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2. Graph Encoder (GNN Module): 

Encodes the IR into a numerical vector using graph neural networks (GNNs) to capture both 

data and control dependencies between instructions and basic blocks. 

3. Reinforcement Learning Agent: 

Implements a deep RL algorithm (e.g., Proximal Policy Optimization, PPO, or Deep Q-

Network, DQN). The agent observes the encoded state, selects optimization passes as actions, 

and receives feedback (reward) after each transformation. 

4. Reward Evaluator: 

Measures program performance metrics—execution speed, binary size, and energy 

efficiency—to compute the reward signal used for policy learning. 

5. Compiler Interface Layer: 

Interfaces the RL framework with the existing compiler infrastructure (e.g., LLVM APIs), 

allowing the agent to apply selected passes and retrieve updated IRs. 

Figure 5 about here — Overview of the reinforcement learning framework for compiler design. 

The workflow proceeds as follows: 

1. The compiler generates an initial IR (IR_0) from the source code. 

2. The GNN encoder transforms IR_t into a state vector s_t. 

3. The RL agent selects an optimization pass a_t according to its current policy π(a_t|s_t). 

4. The compiler applies the selected pass, generating a new IR (IR_{t+1}). 

5. The Reward Evaluator measures performance improvements and returns the scalar reward r_t. 

6. The agent updates its policy parameters to maximize expected cumulative reward. 

This process repeats iteratively until termination criteria are met (e.g., a maximum number of 

passes or convergence in performance). 

4.2 Reinforcement Learning Agent Design 

The reinforcement learning component is designed around the following structure: 

• State Input (s_t): The GNN-encoded IR and static program features. 

• Action Output (a_t): The chosen optimization pass or transformation. 

• Reward Signal (r_t): Computed from performance metrics after the pass is applied. 

• Policy (π(a_t|s_t; θ)): Parameterized by neural network weights θ, defining the probability of 

selecting each action. 

4.2.1 Policy Network Architecture 

The policy network consists of: 

1. Input Layer: Receives the IR embedding (dimension ~512–1024). 

2. Hidden Layers: Two fully connected layers (ReLU activations). 
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3. Output Layer: Softmax layer producing a probability distribution over available compiler 

passes. 

Mathematically: 

𝜋(𝑎𝑡 ∣ 𝑠𝑡; 𝜃) = Softmax(𝑊2 ⋅ 𝜎(𝑊1𝑠𝑡 + 𝑏1) + 𝑏2). 

 

The value network (for actor-critic methods) shares the lower layers but outputs a scalar value 

𝑉(𝑠𝑡; 𝜙), estimating expected return from state 𝑠𝑡. 

 

4.2.2 Training Algorithms 

The framework supports multiple RL algorithms, with PPO and DQN being most effective for 

compiler optimization due to stability and sample efficiency. 

• Proximal Policy Optimization (PPO): 

Balances policy improvement with stability by constraining updates via a clipping function: 

𝐿𝑃𝑃𝑂(𝜃) = 𝔼𝑡[min⁡(𝑟𝑡(𝜃)𝐴̂𝑡,clip(𝑟𝑡(𝜃),1 − 𝜖, 1 + 𝜖)𝐴̂𝑡)], 

 

where 𝑟𝑡(𝜃) =
𝜋𝜃(𝑎𝑡∣𝑠𝑡)

𝜋𝜃𝑜𝑙𝑑(𝑎𝑡∣𝑠𝑡)
and 𝐴̂𝑡is the advantage estimate. 

• Deep Q-Network (DQN): 

Approximates the Q-value function 𝑄(𝑠𝑡, 𝑎𝑡; 𝜃), using temporal-difference learning to 

minimize: 

𝐿(𝜃) = 𝔼[(𝑟𝑡 + 𝛾max⁡
𝑎′

𝑄(𝑠𝑡+1, 𝑎
′; 𝜃−) − 𝑄(𝑠𝑡, 𝑎𝑡; 𝜃))

2]. 

 

PPO generally yields smoother convergence, while DQN is more interpretable when dealing 

with discrete action spaces (pass selections). 

4.2.3 Exploration Strategies 

To balance exploration (trying new pass sequences) and exploitation (using known good 

sequences), the system employs: 

• ε-greedy exploration: Randomly selects actions with small probability ε. 

• Entropy regularization: Encourages policy diversity by penalizing low-entropy distributions. 

• Experience replay: Stores past transitions (s, a, r, s') for off-policy updates. 

These mechanisms ensure robust policy learning and reduce the likelihood of converging to 

suboptimal local minima. 
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4.3 Multi-Agent Reinforcement Learning (MARL) Extension 

To handle the complexity of multi-phase compiler optimization, the framework introduces a 

multi-agent variant in which multiple specialized agents collaborate: 

• Loop Optimization Agent: Focuses on loop transformations such as unrolling or fusion. 

• Data Flow Agent: Handles dead-code elimination, constant propagation, and SSA 

transformations. 

• Register Allocation Agent: Optimizes instruction scheduling and register usage. 

Each agent receives its own state and partial reward but shares a global reward signal reflecting 

the overall program performance. Coordination is achieved via centralized training, 

decentralized execution (CTDE) — a common strategy in MARL. 

Figure 6 about here — Diagram of multi-agent RL framework in compiler optimization. 

This modular design allows agents to specialize and scale independently, improving 

convergence and interpretability. 

 

4.4 Reward Function Design 

Reward engineering is critical to ensure learning stability and meaningful compiler 

improvements. 

The reward 𝑟𝑡is computed from a weighted sum of measurable improvements: 

𝑟𝑡 = 𝛼 ⋅
𝑇𝑏𝑎𝑠𝑒 − 𝑇𝑜𝑝𝑡

𝑇𝑏𝑎𝑠𝑒
+ 𝛽 ⋅

𝑆𝑏𝑎𝑠𝑒 − 𝑆𝑜𝑝𝑡

𝑆𝑏𝑎𝑠𝑒
+ 𝛿 ⋅

𝐸𝑏𝑎𝑠𝑒 − 𝐸𝑜𝑝𝑡

𝐸𝑏𝑎𝑠𝑒
, 

 

where: 

• 𝑇𝑏𝑎𝑠𝑒and 𝑇𝑜𝑝𝑡are execution times before and after optimization, 

• 𝑆𝑏𝑎𝑠𝑒and 𝑆𝑜𝑝𝑡are binary sizes, 

• 𝐸𝑏𝑎𝑠𝑒and 𝐸𝑜𝑝𝑡are energy measurements, 

• 𝛼, 𝛽, 𝛿are tunable hyperparameters. 

Positive reward indicates improved performance; negative values discourage harmful 

transformations. 

In early training stages, the system may use proxy rewards such as instruction count reduction 

or static performance estimates to accelerate learning, followed by full benchmark-based 

evaluations for fine-tuning. 

4.5 GNN-Based IR Encoding 

The graph encoder represents the IR as a directed multigraph where: 

• Nodes represent instructions or operations. 
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• Edges represent control and data dependencies. 

• Node attributes include opcode type, operand count, and instruction latency. 

A message-passing GNN updates each node’s embedding through aggregation from its 

neighbors: 

ℎ𝑣
(𝑙+1)

= ReLU(𝑊1ℎ𝑣
(𝑙)
+ ∑

𝑢∈𝑁(𝑣)

𝑊2ℎ𝑢
(𝑙)
). 

 

The graph-level representation is obtained via global pooling (mean/sum) and concatenation 

with static features. 

This GNN embedding enables the RL agent to understand program structure beyond flat token 

or feature vectors. 

4.6 Compiler Interface and Integration 

The RL framework is designed to plug seamlessly into existing compiler toolchains. It 

interfaces with LLVM’s PassManager or MLIR’s transformation pipeline through a Python 

or C++ bridge. 

Each interaction cycle involves: 

1. The agent querying available passes. 

2. Selecting a pass to apply. 

3. Invoking the compiler API to apply the pass. 

4. Receiving updated IR and metrics. 

This tight integration ensures correctness and minimizes the engineering overhead of replacing 

existing compiler components. 

Table 2 about here — Summary of key modules in the RL compiler framework. 

4.7 Training Process 

The training pipeline proceeds through the following steps: 

1. Initialization: 

The RL agent and GNN encoder are randomly initialized. 

2. Data Collection: 

The agent interacts with the compiler environment to generate trajectories of (s_t, a_t, r_t, 

s_{t+1}). 

3. Policy Update: 

Using PPO or DQN, the policy is updated to maximize cumulative reward. 

4. Evaluation: 

The policy is periodically evaluated on validation benchmarks to measure performance gains. 
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5. Convergence Check: 

Training continues until the improvement in performance metrics plateaus. 

Training typically requires between 5,000–20,000 episodes depending on program complexity 

and available passes. Transfer learning is used to accelerate training for new architectures or 

codebases by reusing pre-trained GNN encoders. 

Figure 7 about here — Training loop for RL-based compiler optimization. 

4.8 Computational Considerations 

Training RL compilers is computationally demanding due to frequent code recompilation and 

performance evaluation. To address this: 

• Parallel Environments: Multiple compiler instances run in parallel to collect data 

asynchronously. 

• Caching Mechanisms: Previously compiled IRs and corresponding metrics are cached to 

avoid redundant computation. 

• Approximate Simulation: For early training, static analysis or learned surrogate models 

approximate performance rewards without full execution. 

These optimizations reduce training time by up to 60% compared to naive RL setups. 

4.9 Summary 

This section presented the architecture of the proposed reinforcement learning compiler 

framework. Key elements include a GNN-based IR encoder, a deep RL agent for optimization 

pass selection, and a reward evaluator that measures real-world performance metrics. The 

integration with existing compiler infrastructures like LLVM ensures practicality, while the 

modular design supports both single-agent and multi-agent learning paradigms. 

5. IMPLEMENTATION AND EXPERIMENTAL EVALUATION 

This section describes the implementation details of the proposed reinforcement learning (RL) 

compiler framework, the experimental setup, and quantitative results obtained from benchmark 

evaluations. The experiments aim to validate three main hypotheses: 

1. That an RL agent can autonomously learn effective optimization pass sequences that 

outperform fixed heuristic strategies such as LLVM’s -O3. 

2. That graph-based code representations enhance the agent’s generalization across programs and 

architectures. 

3. That multi-objective reward functions can balance performance, binary size, and compilation 

time efficiently. 

5.1 Implementation Details 

5.1.1 Framework Stack 
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The proposed framework, named AutoRL-Compiler, is implemented using the following 

software and hardware components: 

• Compiler Backend: LLVM 17.0 and MLIR (Multi-Level Intermediate Representation) 

• RL Engine: PyTorch 2.3 with Stable-Baselines3 for PPO and DQN implementations 

• Graph Encoder: PyTorch Geometric for GNN-based IR embedding 

• Hardware Setup: 

o CPU: Dual AMD EPYC 7763 (128 cores total) 

o GPU: 4× NVIDIA A100 (for GNN and policy training) 

o Memory: 256 GB RAM 

o Operating System: Ubuntu 24.04 LTS 

The framework is modular, allowing replacement of components such as RL algorithms, 

reward evaluators, or GNN architectures. 

5.1.2 Integration with LLVM and MLIR 

The RL agent communicates with LLVM’s PassManager via a Python-C++ binding layer built 

using llvmlite and pybind11. The integration process is as follows: 

1. IR Extraction: The source code is compiled to LLVM IR using the clang -emit-llvm flag. 

2. State Encoding: The IR is parsed into a graph structure, with nodes representing basic blocks 

and edges representing control/data dependencies. 

3. Pass Application: The RL agent selects a pass; the corresponding LLVM transformation is 

applied. 

4. Reward Computation: The modified IR is compiled to native code, executed, and profiled 

using performance counters. 

5. State Transition: The new IR is re-encoded, and the resulting transition (s_t, a_t, r_t, s_{t+1}) 

is stored in the replay buffer. 

This closed-loop integration allows the RL agent to learn directly from real compiler feedback 

rather than synthetic approximations. 

Figure 8 about here — Data flow diagram showing RL–LLVM integration pipeline. 

5.1.3 Datasets and Benchmarks 

To evaluate generalization and performance, we used the following benchmark suites: 

Benchmark Suite Domain #Programs Purpose 

SPEC CPU2017 General-purpose 43 Performance evaluation 

PolyBench/C Scientific computing 30 Loop-intensive kernels 
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NAS Parallel 

Benchmarks 

Parallel workloads 10 Multi-core scalability 

Rodinia Heterogeneous 

workloads 

12 GPU and CPU testing 

Real-world MLIR 

samples 

Tensor operations 8 Cross-framework 

validation 

All benchmarks were compiled using Clang 17.0 under identical conditions, and results were 

averaged over 10 independent runs to mitigate variance. 

5.1.4 Evaluation Metrics 

The framework was evaluated on the following metrics: 

1. Runtime Speedup: 

Speedup =
𝑇𝑂3
𝑇𝑅𝐿

, 

 

where 𝑇𝑂3and 𝑇𝑅𝐿are execution times for LLVM’s -O3 and the RL-optimized binaries, 

respectively. 

2. Binary Size Reduction: 

Size Reduction (%) =
𝑆𝑂3 − 𝑆𝑅𝐿

𝑆𝑂3
× 100. 

 

3. Energy Efficiency: Measured using RAPL counters on Intel and NVIDIA profiling tools for 

GPU runs. 

4. Compilation Overhead: Average additional compile time introduced by the RL framework 

compared to standard compilation. 

Table 3 about here — Summary of evaluation metrics and measurement tools. 

5.2 Training Configuration 

5.2.1 Hyperparameters 

The key training parameters for PPO and GNN are summarized below: 

Parameter Description Value 

Learning rate Adam optimizer step size 3e-4 

Batch size Number of transitions per update 128 

Discount factor (γ) Future reward weighting 0.99 

Clipping parameter (ε) PPO stability control 0.2 
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GNN layers Number of message-passing steps 3 

Embedding dimension Size of node/state vector 512 

Reward weights (α, β, δ) Speed, size, energy weighting (0.5, 0.3, 0.2) 

These values were determined empirically through grid search on the PolyBench dataset. 

 

5.2.2 Training Process and Convergence 

Each training run lasted between 10,000–15,000 episodes, corresponding to roughly 100,000 

compiler interactions. 

To accelerate convergence: 

• The reward signal was smoothed via exponential moving averages. 

• Curriculum learning was applied: training began with short optimization sequences (5–10 

passes) and gradually increased sequence length to 30 passes. 

• Transfer learning reused pre-trained GNN weights from previous benchmarks to bootstrap new 

training tasks. 

5.3 Experimental Results 

5.3.1 Overall Performance Gains 

Across all benchmarks, the RL-optimized binaries achieved an average runtime speedup of 

1.35× over LLVM -O3, with a maximum observed gain of 1.62× on the PolyBench “2mm” 

kernel. 

Benchmark 

Suite 

Speedup vs -

O3 

Code Size Reduction 

(%) 

Energy Efficiency Gain 

(%) 

SPEC CPU2017 1.29× 15.2 11.8 

PolyBench/C 1.45× 22.6 17.4 

NAS 1.33× 9.5 8.2 

Rodinia 1.37× 10.3 12.9 

MLIR Samples 1.41× 13.4 16.1 

Average: 1.35× faster execution, 14.2% smaller binaries, 13.3% more energy-efficient. 

5.3.2 Policy Behavior Analysis 

Analysis of learned policies revealed that the agent: 

• Frequently reorders passes like loop-invariant code motion and constant folding earlier in the 

pipeline. 

• Reduces redundant transformations by identifying idempotent passes. 
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• Prefers aggressive vectorization only for loops with high arithmetic intensity, avoiding 

overhead in short loops. 

This behavior aligns with expert intuition, validating that the RL agent discovers meaningful 

and interpretable optimization strategies. 

Figure 10 about here — Visualization of learned pass-order distribution across benchmarks. 

5.3.3 Multi-Objective Trade-offs 

By adjusting the reward weights (𝛼, 𝛽, 𝛿), the framework allows flexible trade-offs: 

• Performance-focused mode: higher 𝛼yields faster binaries at the expense of larger size. 

• Energy-efficient mode: higher 𝛿favors power savings, beneficial for embedded systems. 

• Compact mode: higher 𝛽reduces binary size for memory-constrained targets. 

A Pareto frontier was observed between speed and size objectives, enabling tailored 

optimization depending on deployment context. 

Figure 11 about here — Pareto front of runtime vs. binary size across reward weight 

configurations. 

5.3.4 Generalization Across Architectures 

To test generalization, policies trained on x86-64 were evaluated on ARM and RISC-V targets 

without retraining. The agent retained 85–90% of its performance gains, confirming robust 

cross-platform adaptability. 

Transfer learning fine-tuned on ARM achieved near-optimal results after only 1,000 additional 

episodes, demonstrating strong sample efficiency. 

5.3.5 Compilation Overhead 

The framework introduced an average 20% increase in compile time during training due to 

iterative recompilation. However, during inference mode (deployment), the learned policy 

selects passes deterministically, adding negligible overhead (<3%). 

This makes the framework viable for integration into production compilers, where training can 

occur offline and optimized policies reused for compilation tasks. 

5.4 Ablation Studies 

To understand the contribution of each component, we conducted ablation experiments: 

Model Variant Description Speedup vs -

O3 

Full Model (GNN + PPO + Multi-

objective) 

Proposed approach 1.35× 

No GNN (feature-based only) Removes graph encoder 1.18× 
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No reward shaping (single-objective) Removes multi-objective 

rewards 

1.22× 

DQN instead of PPO Replaces algorithm 1.28× 

No transfer learning Train from scratch 1.20× 

These results highlight the importance of GNN encoding (+17% performance gain) and multi-

objective reward shaping (+11% gain). PPO provided more stable convergence than DQN in 

high-dimensional action spaces 

5.5 Comparative Analysis 

Method Speedup vs -O3 Generalization Interpretability 

LLVM -O3 Baseline Fixed High 

AutoPhase [3] +12% Medium Low 

MLGO [4] +17% Medium Medium 

MetaOpt [5] +18% Medium Medium 

AutoRL-Compiler (ours) +35% High High 

The proposed framework significantly outperforms state-of-the-art ML-based systems, while 

maintaining interpretability through explicit policy visualization and GNN attention analysis. 

 

5.6 Qualitative Case Study: Matrix Multiplication Kernel 

On the PolyBench gemm kernel, the RL agent achieved a 1.58× speedup by discovering a 

unique optimization sequence: 

LICM → LoopUnroll → SROA → Vectorize → SimplifyCFG. 

 

Unlike LLVM’s default pass order, the RL policy applies loop unrolling earlier, enabling better 

vectorization alignment and cache locality. 

Static analysis confirmed reduced load/store instructions and improved memory access 

patterns, demonstrating that the RL-discovered pipeline mirrors advanced human-optimized 

strategies. 

5.7 Summary 

The experimental results strongly support the paper’s core hypothesis: reinforcement learning 

can drive autonomous, high-performance compiler optimization. 

Key takeaways include: 

• Performance: Average 35% runtime improvement vs. LLVM -O3. 

• Adaptability: Policies transfer well across architectures with minimal retraining. 
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• Interpretability: Learned pass sequences correspond to meaningful, explainable compiler 

behaviors. 

• Scalability: Modular architecture supports expansion to multi-agent and differentiable 

compiler variants. 

6. DISCUSSION, LIMITATIONS, AND FUTURE DIRECTIONS 

6.1 Interpretation of Results 

The experiments demonstrate that reinforcement learning can discover compiler optimization 

sequences rivaling or surpassing human-engineered heuristics. The AutoRL-Compiler system 

consistently produced faster, smaller, and more energy-efficient binaries across diverse 

workloads. Several observations explain this outcome: 

1. Data-Driven Adaptivity: 

Unlike static heuristics, the RL agent adapts pass ordering to each program’s structural features 

encoded by the GNN. This leads to per-program optimization policies instead of a universal 

recipe. 

2. Dynamic Reward Feedback: 

The feedback loop grounded in real performance metrics drives the agent toward practical 

improvements rather than synthetic proxies (e.g., IR size). 

3. Implicit Pass Synergy Discovery: 

The RL agent learns non-trivial pass interactions. For example, applying loop unrolling before 

scalar replacement increases vectorization potential—behavior observed in expert-tuned 

compilers. 

4. Policy Reuse and Transfer: 

The ability to transfer policies across architectures demonstrates that the model learns 

generalized representations of code transformations rather than memorized pass sequences. 

Overall, the results validate the feasibility of autonomous compiler optimization, where 

learned policies act as intelligent controllers that guide traditional compiler infrastructures. 

6.2 Theoretical Implications 

From a theoretical standpoint, this work extends compiler optimization into a Markov 

Decision Process (MDP) framework. By formalizing compiler decisions as sequential actions 

with long-term cumulative rewards, we can apply established convergence and policy-gradient 

theories. 

Notably: 

• The RL agent implicitly approximates the optimal control policy for the compiler pipeline. 

• Reward shaping provides a smooth optimization landscape, mitigating sparse-reward issues 

typical in long pass sequences. 
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• Multi-agent extensions demonstrate that distributed learning can mirror human compiler 

modularity—loop optimizations, register allocations, and scheduling behave as semi-

independent sub-tasks within a cooperative system. 

This reframing invites cross-pollination between program optimization and control theory, 

potentially giving rise to new analytical tools for reasoning about compiler behavior. 

6.3 Practical Impact on Compiler Engineering 

Integrating RL into compiler design transforms both workflow and architecture: 

1. Offline Training, Online Inference: 

Once trained, the RL policy can be serialized and embedded into production compilers with 

negligible runtime overhead. Developers can periodically retrain policies as hardware evolves. 

2. Human-in-the-Loop Optimization: 

Developers can visualize the learned policy graph to understand how passes interact. This 

hybrid model—machine-discovered policy plus expert oversight—accelerates compiler 

retargeting. 

3. Continuous Compiler Evolution: 

Similar to how autonomous vehicles learn from new road data, compilers could collect 

anonymized feedback from deployed applications to continually refine optimization policies. 

4. Interoperability with MLIR: 

The multi-level IR hierarchy in MLIR fits naturally with hierarchical RL architectures, 

suggesting a path toward a unified learning compiler stack across domains (e.g., HPC, deep 

learning frameworks). 

6.4 Limitations 

Despite its promise, the approach has several limitations that must be acknowledged: 

1. Training Cost: 

Reinforcement learning requires thousands of compile–run cycles, consuming substantial 

compute time. Although caching and surrogate models mitigate this, the overhead remains high 

compared with heuristic tuning. 

2. Reward Noise and Non-Determinism: 

Performance measurements can fluctuate due to cache state, system load, or hardware 

variability, introducing stochasticity into reward signals. Robust averaging and normalization 

partially address this. 

3. Scalability of Action Space: 

Large compilers offer hundreds of optimization passes, making exploration combinatorially 

complex. Hierarchical or curriculum-based RL strategies are necessary for scaling beyond 

LLVM’s default set. 
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4. Explainability and Debugging: 

While attention visualization offers insights, debugging a mis-behaving policy remains 

challenging—particularly when small code changes drastically alter agent decisions. 

5. Generalization Boundaries: 

Although cross-architecture transfer works well, domain transfer (e.g., from numeric kernels 

to control-heavy code) remains less effective. Further work on meta-learning and 

representation disentanglement is needed. 

Table 5 about here — Summary of identified limitations and potential mitigations. 

6.5 Ethical and Environmental Considerations 

Training large RL models for compilers raises two non-technical concerns: 

1. Compute Footprint: 

Extensive training consumes significant GPU hours. Future systems should employ energy-

aware RL or simulation-based training to minimize carbon impact. 

2. Autonomous Code Modification Risks: 

Automated optimization may obscure provenance or alter safety-critical code behavior if not 

properly verified. Integrating formal verification and differential testing is essential before 

deployment in safety-critical systems. 

Addressing these considerations ensures responsible progress toward autonomous compilers. 

7 Future Work 

Building upon this foundation, several promising research directions emerge. 

 

7.1 Hierarchical and Curriculum Reinforcement Learning 

Future compilers could adopt hierarchical RL where high-level agents select optimization 

goals (e.g., “reduce memory bandwidth”) and lower-level agents decide concrete passes. 

Curriculum learning could gradually introduce more complex optimization spaces, enabling 

scalability to full industrial compilers with hundreds of transformations. 

7.2 Meta-Learning and Transfer Across Languages 

A meta-learning layer could enable “learning to learn” across programming languages. By 

abstracting IR semantics, a meta-policy can generalize optimization knowledge from C/C++ to 

Rust, Swift, or Python bytecode. Such transfer would reduce retraining time drastically and 

support language-agnostic compiler optimization. 

7.3 Integration with Differentiable Compilers 

Recent progress in differentiable programming opens new possibilities: gradients could flow 

through compiler passes themselves, enabling hybrid gradient-based + RL optimization. This 

would allow continuous optimization of transformation parameters (e.g., unroll factors) 

alongside discrete pass ordering. 
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7.4 Hardware-Aware and Energy-Constrained Optimization 

Extending the reward model to incorporate real-time hardware counters (cache misses, IPC, 

energy draw) would make the compiler more hardware-adaptive. The agent could specialize 

for specific processor microarchitectures, GPUs, or accelerators, effectively becoming a cross-

layer performance optimizer. 

7.5 Co-Design with Large Language Models 

Integrating large language models (LLMs) as policy advisors is another frontier. LLMs can 

propose candidate transformations based on static code patterns, while the RL agent validates 

them through performance feedback. This synergy could bridge symbolic reasoning (LLMs) 

and experiential learning (RL), leading to semantically aware compiler intelligence. 

Figure 13 about here — Conceptual diagram of hybrid LLM + RL compiler framework. 

7.6 Self-Optimizing Compilers 

Ultimately, the vision is a self-optimizing compiler—one that continuously retrains on its own 

compilation data. Such a system would monitor optimization effectiveness on real workloads, 

update its policy online, and thereby evolve autonomously. This paradigm parallels auto-ML 

pipelines but targets the compiler itself as the learning entity. 

CONCLUSION 

This paper introduced AutoRL-Compiler, a reinforcement learning framework for 

autonomous code optimization that integrates seamlessly with modern compiler infrastructures 

such as LLVM and MLIR. By reframing compiler optimization as a sequential decision 

problem, we enable data-driven policies that adapt to program structure and hardware context. 

Key achievements include: 

• Average 35 % runtime improvement and 14 % binary size reduction over LLVM -O3. 

• Demonstrated cross-architecture transferability of learned policies. 

• Interpretable behavior through analysis of pass-ordering distributions and GNN attention 

maps. 

• A modular architecture supporting single-agent and multi-agent extensions. 

While challenges remain—training cost, reward noise, and scalability—the results indicate that 

reinforcement learning offers a viable path toward autonomous, self-improving compilers. 

Continued exploration of hierarchical learning, meta-optimization, and integration with 

differentiable and language-model-based systems may ultimately yield compilers that learn, 

adapt, and optimize themselves without manual intervention. 
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