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ABSTRACT

Modern hardware is parallel and is increasingly relying on parallel programming to achieve

both performance and energy efficiency. However, today’s parallel programming places a dispro-

portionate burden on developers, requiring them to design and fine-tune parallel execution strate-

gies across diverse hardware platforms and varying program inputs. I postulate that optimizing

compilers can relieve developers from this burden by automatically reasoning about parallel exe-

cution strategies while also enforcing correctness properties. Achieving high parallel performance

across modern hardware requires selecting an effective parallel execution plan, including how and

where parallelism should be expressed and implemented. To automate this selection process, I

introduce the Parallel-Semantics Program Dependence Graph (PS-PDG), a compiler abstraction

that captures developer-encoded parallel semantics alongside compiler-derived analysis. PS-PDG

enables compilers to override suboptimal execution plans with superior alternatives. While static

execution-plan selection is effective for regular workloads, irregular and input-sensitive applica-

tions require runtime adaptation of parallel granularity. To address this challenge, I introduce the

Heartbeat Compiler (HBC), a compilation system that automatically translates high-level fork-

join parallelism into binaries capable of dynamically controlling task granularity through heartbeat

scheduling to eliminate the need for manual task-size tuning. Beyond performance, C++ applica-

tions also face severe memory-safety risks arising from operations on data collections, including

iterator invalidation. These bugs are difficult for existing tools to detect precisely and impose unde-

fined behavior and security vulnerabilities in production environments. To address this challenge,

I introduce Ledger, a data collection-oriented static analyzer that provides high-precision detection

of invalidation vulnerabilities in programs that operate on complex data collections.
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THESIS STATEMENT

Today’s parallel programming places a disproportionate burden on developers to select and

tune parallel execution strategies across diverse hardware and inputs. I postulate that optimizing

compilers can relieve this burden by introducing compiler abstractions and compilation techniques

for runtime-adaptive execution that automate the optimization for both static and dynamic parallel

execution plans targeting diverse hardware platforms and program inputs.
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CHAPTER 1

INTRODUCTION

For decades, Dennard scaling [1] drove software performance forward by allowing each new pro-

cess generation to deliver faster, more power-ef�cient single-core processors. This regime ended

in the mid-2000s, when voltage scaling became impractical and the resulting power wall fore-

closed continued frequency growth [2]. To keep delivering performance, hardware vendors turned

to multicore processors, wider single-instruction multiple-data (SIMD) units, and increasingly het-

erogeneous accelerators. This architectural shift makes modern hardware fundamentally parallel.

To exploit this parallelism, developers write parallel programs using Parallel Programming

Models (PPMs) such as OpenMP [3] and Cilk [4]. This process asks developers to identify paral-

lelism opportunities (e.g., loops or independent tasks) and select speci�c implementation strategies

(e.g., thread-level parallelism or vectorization)—together de�ning a parallel execution plan [5].

Ideally, compilers should then take these plans and optimize them to achieve high performance

and energy ef�ciency across diverse hardware platforms and program inputs.

However, in practice, production compilers such as Clang [6] and GCC [7] often fall short of

this goal. This is because they treat the developer's plan as an immutable contract and lower it

directly into runtime calls early in the compilation pipeline [8], even when the plan is suboptimal

for the target hardware or mistuned for the program's input. As a result, the burden of producing

ef�cient parallel code falls disproportionately on developers, who must not only de�ne the parallel

execution plan but also make a series of complex decisions—such as the parallel execution model

and the granularity of parallel tasks—to fully exploit the underlying hardware. In this thesis, we

treat this limitation as an opportunity for the compiler and introduce new compiler abstractions
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and compilation techniques that allow optimizing compilers to carry these portions of the parallel-

programming burden that today rest on developers.

We �rst tackle the burden developers face in manually optimizing their parallel execution plans

for the target hardware. PPMs allow developers to encode a parallel execution plan in their source

code by selecting which loops or tasks to parallelize and declaring variable privatization, reduction,

and thread synchronization through high-level language constructs such as OpenMP pragmas [9].

The plan a developer encodes, however, is a single �xed plan, and the best plan for a given program

depends on the hardware it runs on. For example, consider the IS benchmark from the NAS [10]

benchmark suite: the developer-encoded OpenMP plan uses thread-private arrays guarded by a

critical section to update a shared array. The plan is correct, but less performant because the

critical section serializes part of the computation, and its synchronization overhead grows with

core count. A better plan that scales well on machines with many cores is via a reduction operation

by allocating per-thread private arrays, and combining them after the parallel region. However,

recognizing this opportunity requires more than the dependence information offered by traditional

compiler abstractions such as the Program Dependence Graph [11]. The compiler must also see the

parallel semantics the developer expressed through the OpenMP construct, which are discarded by

production compilers at the frontend. Prior parallel intermediate representations (IR) [12], [13],

[14], [15], [16], [17], [18] address part of this issue by embedding the developer's plan in the IR,

but each encodes a single, in�exible execution plan that the compiler must respect; none allows

the compiler to replace the developer's plan with a better one.

To solve this problem, we propose the Parallel-Semantics Program Dependence Graph (PS-

PDG), a compiler abstraction that simultaneously represents the parallel semantics expressed by

the developer and the dependence information derived from the compiler's own analysis. PS-

PDG enables the compiler to reason about the full space of legal parallel execution plans and
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select one tailored to the target hardware. Built on PS-PDG, we present GINO, an LLVM-based

optimizing compiler that automatically explores, selects, and lowers improved parallel execution

plans. We demonstrate the effectiveness of PS-PDG and GINO across eight benchmarks from the

NAS benchmark suite [19]. On a 56-core machine, GINO improves average speedup over the

sequential baseline from 6.8� to 7.8�, and outperforms the developer's original parallel execution

plan by up to 46.6%.

While PS-PDG enables the compiler to replace a developer's plan with one better suited to the

target hardware, it does not address a second burden: tuning the dynamic aspects of the parallel

execution plan that must adapt to varying program inputs. One such aspect is the granularity

of parallel tasks. Existing PPMs require developers to explicitly encode granularity decisions in

source code, despite the fact that the best granularity is input-dependent. For example, consider

a sparse matrix-vector multiplication [20] where the developer picks a static schedule that assigns

equal-sized row chunks to threads: this works well on a regular workload such as a matrix with

uniformly distributed nonzeros, but suffers severe load imbalance on an irregular workload with a

skewed distribution, leaving some threads idle and busy-waiting at the fork-join barrier. Because

no single granularity is optimal across inputs, developers must manually implement a different

parallel execution plan for each workload they encounter. Prior runtime approaches [21], [22], [23],

[24] adapt scheduling decisions at runtime, but still require the developer to decide in source code

how much work each task should perform. Heartbeat scheduling [25] removes this requirement in

principle by provably bounding parallelism overhead as a fraction of useful work, independent of

how much latent parallelism the program exposes. However, its prior implementation [26] required

developers to hand-write code largely in assembly and offers no path to automation.

To solve this problem, we propose the Heartbeat Compiler (HBC), the �rst compiler that trans-

lates C/C++ programs with high-level fork-join constructs (e.g., OpenMP parallel for) into
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binaries that automatically tune task granularity at runtime through heartbeat scheduling. HBC

transforms each parallel loop into a form that exposes its potential parallelism, and lets the pro-

gram runtime dynamically decide how much of it to instantiate as tasks based on the program

input. On irregular workloads—including TACO-generated sparse tensor kernels [20], GraphIt-

generated graph algorithms [27], and benchmarks drawn from Rodinia [28]—running on a 64-

core Intel-based machine, HBC improves average speedup from 14.2� under OpenMP dynamic

scheduling to 21.7�, and matches the performance of binaries that previously required several

months of manual implementation [26] efforts from developers.

As a by-product of working on this thesis, we present to the C++ developer community Ledger,

a data collection-oriented static analyzer that detects iterator invalidation vulnerabilities and fur-

ther reduces the burden developers carry in writing correct C++ applications. Iterator invalidation

occurs when a program uses an iterator after its underlying container has been modi�ed, producing

use-after-free errors that have led to unde�ned behavior and security vulnerabilities in production

software such as Chrome [29] and Firefox [30]. Ledger catches these bugs at compile time, achiev-

ing 87.5% recall on a synthetic benchmark suite of C++ programs, compared to 22.8% for prior

state-of-the-art static analyzers such as Cppcheck [31] and the Clang Static Analyzer [32].

1.1 Thesis Contribution

The contributions of this thesis are as follows.

• It introduces the Parallel-Semantic Program Dependence Graph (PS-PDG), a compiler ab-

straction representing both compiler-derived dependence information and developer-expressed

parallel semantics. An optimizing compiler GINO, which built upon PS-PDG, is capable of

generating better parallel execution plans, improving average speedup from 6.8� to 7.8�

over the sequential baseline on the evaluated NAS benchmark suite (§2).
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• It details the Heartbeat Compiler (HBC), which compiles high-level fork-join parallelism

into binaries that can dynamically control task granularity through heartbeat scheduling. On

irregular workloads, HBC improves average speedup from 14.2� with OpenMP dynamic

scheduling to 21.7� (§3).

• It presents Ledger, a data collection-aware static analyzer for detecting iterator invalidation

vulnerabilities in C++ applications that operate on complex data collections. Ledger achieves

87.5% recall rate on detecting invalidation over 20 synthetic benchmarks, compared with

15.2% and 22.8% from widely adopted industry analysis tools clang static analyzer and

cppcheck, respectively (§4).

1.2 Published Work

The PS-PDG work has been published at CGO 2026 [5] with contributions from the thesis au-

thor and co-authors Brian Homerding, Haocheng Gao, Federico Sossai, Yebin Chon, David I.

August and Simone Campanoni. The HBC work has been published at ASPLOS 2024 [33] with

contributions from the thesis author and co-authors Mike Rainey, Nicholas Wanninger, Nadharm

Dhiantravan, Jasper Liang, Umut Acar, Peter Dinda and Simone Campanoni.

1.3 Thesis Organization

The rest of this thesis is structured as follows. Chapter 2 describes the Parallel-Semantics Program

Dependence Graph. Chapter 3 details Heartbeat Compiler (HBC). Chapter 4 presents Ledger.

Finally, Chapter 5 provides a summary of my contributions and discusses directions for future

work, and concludes this thesis.
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CHAPTER 2

AUTOMATING PARALLEL EXECUTION PLAN SELECTION

2.1 The Parallel-Semantics Program Dependence Graph for Parallel Optimization

Modern shared-memory parallel programming models, such as OpenMP and Cilk, enable devel-

opers to encode a parallel execution plan within their code. Existing compilers, including Clang

and GCC, directly lower or add additional compatible parallelism on top of the developers' plan.

However, when better parallel execution plans exist that are incompatible with the original plan,

compilers lack the capability of disregarding it and replacing it with a better one. To address this

problem, this work introduces the parallel-semantics program dependence graph (PS-PDG), an

extension of the program dependence graph (PDG) abstraction that can simultaneously represent

parallel semantics derived from both the developer's original plan and the compiler's own analysis.

To demonstrate the power of PS-PDG, this work also introduces GINO, an LLVM-based compiler

capable of optimizing parallel execution plans using PS-PDG. Through exploring, reasoning, and

implementing better parallel execution plans unlocked by PS-PDG, GINO outperforms the devel-

oper's original parallel execution plan by 46.6% at most, and by 15% on average over 56 cores

across 8 benchmarks from the NAS benchmark suite.

2.2 Introduction

Modern hardware is parallel. Despite decades of research, many factors still render automatic par-

allelization of sequential code impractical. Because of this, developers take advantage of multicore

processors by explicitly writing parallel code. The community has introduced compiler extensions
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and libraries in an attempt to boost the productivity of developers interested in thread-level paral-

lelism (TLP). OpenMP [9] and Cilk [4] shine as the most renowned parallel programming models,

where developers can directly express sections of the code that can and will run in parallel. In

these models, the transformation into multithreaded code (e.g., via pthreads) is done by the com-

piler, which follows developer speci�cations without objection. This constrained approach suffers

from a major drawback. A compiler that by contract follows the developer-encoded parallel exe-

cution plan1, i.e., which instructions will run in parallel and how, is severely limited in its ability

to tailor optimizations for a target architecture. For example, loops marked for multithreaded exe-

cution will execute in that fashion regardless of the pro�tability of TLP in the target environment.

In some cases, SIMD execution may be preferable for tight loops or single-core execution but due

to the compilation constraints that OpenMP follows, each annotated loop must execute according

to the model speci�ed by the developer. Encouragingly, the same information that lets one reason

about multithreading can be reused to reason about vectorization. DOALL loops annotated with

omp for are candidates for vectorization since they are marked as having no inter-iteration de-

pendences by the developer. Dependences between instructions have in fact been a key abstraction

to reason about parallelization of sequential code, but the long-established program dependence

graph (PDG) was conceived to represent sequential programs; its limitations become quickly evi-

dent when reasoning about already parallel code. Although patterns like reductions on scalars can

be amenable for parallelization even when abstracted in the PDG (e.g., by inspecting its SCCs),

in general, the semantics that parallel programs carry go beyond data or control dependences. For

instance, clauses like firstprivate or lastprivate encode opportunities that cannot be

represented by the sole use of dependences or lack thereof. Similar limitations led research to de-

velop parallel IRs, e.g., TAPIR [12], that can capture what will run in parallel while enabling classic

1We use the terms parallel execution plan and parallelization plan interchangeably throughout the paper.
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optimizations for sequential IRs. However, like TAPIR, other existing parallel IRs [13], [14], [15],

[16], [17], [34] are not suited for parallel optimization of parallel code as they encode a single

in�exible execution plan that compilers must respect. In other words, both the PDG and existing

parallel IRs fail to abstract the semantics of parallel code while allowing optimization of the

parallelism itself.

This work proposes the Parallel-Semantics Program Dependence Graph (PS-PDG) – an ab-

straction that can simultaneously represent parallel semantics derived from both the developer's

original parallel execution plan and the compiler's own analysis. The PS-PDG extends the PDG

to allow compilers to access a larger optimization space and restructure parallelism in a way that

makes the best use of the target architecture. We introduce GINO, an optimizing compiler that

leverages the proposed PS-PDG and is able to craft and lower a parallel execution plan for both

multithreaded and vectorized execution.

The main contributions of this work are:

• A de�nition of the PS-PDG: a hierarchical graph that represents parallel semantics expressed

by both the developers' knowledge and compiler analyses (§2.4).

• A detailed analysis of the necessity of each element of the PS-PDG (§2.5).

• An empirical proof of the inadequacy of the PDG as an abstraction for the optimization of

parallel programs (§2.6).

• An evaluation of GINO – The �rst LLVM-based optimizing compiler that uses the PS-PDG

for parallel optimization (§2.6).
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Figure 2.1: The key computational kernel from the IS benchmark with the original and a more
performant compiler-selected parallel execution plan.

2.3 Background & Motivation

This section presents an OpenMP program to illustrate how developers explicitly encode a parallel

execution plan in the source code. We then demonstrate that an alternative, more ef�cient plan

exists, which cannot be realized within the existing compilation pipeline. This case motivates the

need for the PS-PDG abstraction, which captures the precise constraints of a parallel program and

enables more effective parallel optimization.



25

2.3.1 Developers Explicitly Encode Parallelism

Modern shared-memory parallel programming models (PPMs) allow developers to encode paral-

lelism directly in their applications to achieve high performance and energy ef�ciency. A parallel

execution plan speci�es what to parallelize (e.g., loops), how to parallelize (e.g., variable privatiza-

tion and initialization), and the execution model to use (e.g., tasks, threads, vectorization). Among

PPMs, OpenMP [9] is one of the most widely adopted: it enables developers to encode a parallel

execution plan in their code using a set of compiler directives (pragmas in C/C++). For instance,

#pragma omp parallel for distributes loop iterations across multiple threads. Other prag-

mas offer greater control over the parallel execution, such as critical, which indicates that the

enclosed code region is protected and should only be executed by a single thread at any given time.

Fig. 3.1 shows the OpenMP source code from the hottest computation in the IS benchmark of

the NAS benchmark suite [10], together with its parallel execution plan encoded using OpenMP

pragmas. The entire kernel is enclosed in a #pragma omp parallel region, which spawns

multiple threads, each executing the enclosed code region in parallel. Loops1 and 3 do not have

worksharing pragmas, so each thread in the parallel region executes the entire loop on its private

copy of array prv buff1. Loop 2 instead has its iterations distributed across threads. Finally,

loop 4 is enclosed in a critical section to serialize updates to the shared array keybuff1

and avoid data races.

2.3.2 Optimizing Parallel Programs

Let us reconsider the parallel region of IS shown on the right side in Fig. 3.1, now with a different

parallel execution plan. In this new plan, iterations of loop1 are parallelized across threads,

each operating on a disjoint slice of the shared array prebuff1. Before loop 2 , each thread

privatizes pre buff1, creating a local copy. Loop 2 is then executed in parallel as before. Once
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�nished, the private copies are reduced into the shared array. As a result, loop3 only needs to

run on a single thread, avoiding parallel overhead that the original plan incurred. Finally, with

only one shared copy of prebuff1 remaining, loop 4 can be distributed across threads without

requiring a critical section.

Transforming the original plan into this optimized one is non-trivial. The compiler must �rst

recognize that prv buff1 is privatizable through complex dependence analysis or developer-

provided annotations. It must then identify the updates in loop2 as reduction operations, and

ensure that aliasing does not occur among the involved array pointers.

2.3.3 Existing Optimizing Compilers Do Not Leverage Parallel Semantics

Unfortunately, existing optimizing compilers for PPMs such as OpenMP [9] and Cilk [4] cannot

realize this transformation. As illustrated in the left �ow in Fig. 2.2, the compilation pipeline lowers

the developer's parallel execution plan directly into runtime calls during the frontend stage. This

design simpli�es compiler implementation, given that much of the sequential optimization can be

reused. However, this approach has a fundamental drawback: the parallel semantics encoded

by the developer are discarded at the compiler frontend and unrecoverable from the middle

end. As a result, valuable information – such as parallel loops, which have no loop-carried data

dependencies, or variables that can be privatized along with their initialization information – is lost

and cannot be recovered for optimization [12].

2.3.4 Optimizing Compilers Need Powerful Abstraction to Represent Parallel Semantics

The motivating example proves that compilers need the capability of optimizing the parallel ex-

ecution plan expressed by developers. Today's compilers [35], [36], [37], [38], [39] successfully

use the PDG abstraction, but PDG does not capture the parallel semantics expressed in the source
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Figure 2.2: Comparison of the existing pipeline with our proposed PS-PDG pipeline. Our proposed
pipeline enables an optimizing compiler to reason and implement a more performant parallel exe-
cution plan. The Parallel IR refers to MLIR's omp dialect in our implementation.

code. To overcome this limitation, this work proposes the PS-PDG, an abstraction that captures

the precise parallel constraints implied by the developer's plan. With PS-PDG, compilers can rea-

son about a space of semantically equivalent parallel execution plans. The PS-PDG enables the

pipeline shown in the right �ow in Fig. 2.2. The proposed pipeline does not rigidly follow the en-

coded parallel execution plan (like today's compilers do), and instead enables compilers to select

the plan that best matches the underlying architecture.
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2.4 PS-PDG De�nition

PPMs like OpenMP enable developers to make parallelization decisions explicit. A developer

can decide where to spawn threads or tasks to distribute the computation of a loop, and how to

synchronize their execution (i.e., the parallel execution plan of that program).

Beyond controlling what code can run in parallel and when it can do so, a parallel execution

plan also implies properties of the code of the original program. For example, a parallel execution

plan described using OpenMP can include the declaration that iterations of a loop will run in

parallel during their executions. This plan implies the property that the target loop has no loop-

carried dependences between its iterations. Another example is an OpenMP critical section

in a loop, which implies both the need to enforce the atomic property of the target code segment

and that any order of invocations of the target segment between loop iterations is valid. We refer

to this implied information as the precise constraints of a parallel program, which is captured by

the PS-PDG.

Table 2.1: Complete PS-PDG De�nition

PS-PDG ::= (Node+ , Edge� , Variable� , VariableAccess� )
Node ::= (Instruction j HierarchicalNode, Trait� )
HierarchicalNode ::= (Node+ , Context?)
Trait ::= (Singuler j Unordered j Atomic, Context)
Edge ::= DirectedEdge j UndirectedEdge
DirectedEdge ::= (Nodeproducer , Nodeconsumer, Data-selector?)
UndirectedEdge ::= (Node, Node, Context)
Data-selector ::= (Any-Producer j Last-Producer j

All-Consumers, Context)
Variable ::= (Privatizable j Reducible, Context)
VariableAccess ::= (Variable, Node�use, Node�

def)
Context ::= Unique Identi�er

The PS-PDG extends the PDG abstraction to capture the precise parallel constraints of an
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OpenMP or Cilk program. Like the PDG, the PS-PDG has nodes to represent computation and

edges to represent dependences within the computation, it also includes variables to represent

data and use/def edges to represent the relation between data and its computation. As shown in

Table 2.1, a PS-PDG consists of one or more nodes with zero or more edges, variables and variable

accesses. The rest of this Section describes each extension in detail.

2.4.1 Hierarchical Nodes

Explicit parallel programming enables developers to specify properties of a code region. Often

such properties do not hold at �ner granularities (e.g., single instruction). For example, an OpenMP

critical section declares that the code region as a whole has the atomicity property. This atomic

property does not hold at a �ner granularity like at the single instruction level that composes this

critical code region. For this reason, the PS-PDG both adds the ability to have a single node

that represents an entire code region and the ability to express properties at their node granularity

(§2.4.2).

A node in the PS-PDG represents a non-empty set of instructions organizing the code hierar-

chically, shown in Fig. 2.3. For example, all instructions of a critical section in the PS-PDG

is represented by a single node. More generally, a node N of the PS-PDG is a non-empty set of

one or more instructions or other nodes such that both direct and indirect self-inclusions are not

allowed. Having a single node representing a set of instructions is needed to capture the parallel

semantics of parallel constructs that target more than a single instruction.

Figure 2.3: Capturing properties of a region into hierarchical nodes with traits
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2.4.2 Node Traits

Some properties expressed in a PPM are traits of a code region. These traits can be important for

the correctness and/or performance of a parallel application, for instance, atomicity.

A node in the PS-PDG can have various traits. this work implemented the three types of traits

that are enough for the target languages OpenMP and Cilk: the atomic, orderless, and singular

traits. An atomic node represents a set of computations that must be executed atomically during

its parallel execution. An orderless node expresses that different instances of that node can be

executed in any order for a given context. A singular node represents a set of computations that

must be executed by only a single instance for a given context. An example of a node traits is

shown in Fig. 2.4.

Figure 2.4: How traits can be used to capture atomic updates.

2.4.3 Context

PPMs allow developers to express semantics attached to a code region only when executed within

the context of another code region. For example, the code in a single OpenMP pragma needs to

only be executed for one of the iterations of the innermost parallel loop that contains it. It does not

however specify that code should only be executed by a single iteration of an outer loop. In other

words, the parallel semantics of a single section is valid only in the context of the innermost

loop that contains it. Because the contexts in which parallel semantics is valid cannot always be

computed, the PS-PDG can specify contexts and their relation with parallel semantics.
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A context in the PS-PDG represents a code region to which a parallel semantic applies. A

context in the PS-PDG is a labeled hierarchical node, where the label is a unique identi�er. Hence,

hierarchical nodes of the PS-PDG that do not have a label are not contexts. A parallel semantic

explicitly lists the contexts in which it is valid, as shown in Tab. 2.1. For example, the hierarchical

node S of Fig. 2.5 that captures the single code section declares its semantics applies only to

context A, which is its target loop.

Figure 2.5: Traits applied to context A captures the region's semantics.

2.4.4 Directed and Undirected Edges

Parallel programming allows the declaration that two code regions (or two instructions) depend on

each other but their relative execution order is not important. This enables ef�cient parallel exe-

cutions by avoiding unnecessary synchronizations. PS-PDG includes both directed and undirected

dependences (edges) to capture this semantics (Fig. 2.6).

A directed edge in a PS-PDG follows the semantics of the PDG abstraction where the execution

of the destination of that edge must wait for the edge's source execution. Instead, an undirected

edge expresses a dependence between two computations (e.g., instructions) that cannot run in

parallel, but any ordering of their execution is allowed.
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