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Abstract

Alias analysis is a technique to determine whether a pair of pointers points
to overlapping memory locations. Alias information (especially non-overlapping
of pointers) is critical for enabling key transformations such as vectorization,

redundant code elimination, loop-invariant code motion, and so on.

Context-sensitive interprocedural alias analyses are generally more precise than
intraprocedural analyses, but they are often not scalable for large, real-world
programs.While context-insensitive interprocedural analyses are more scalable, they
significantly sacrifice precision due to call-site merging and conservative assump-
tions. As a consequence, most of the production compilers sacrifice precision
for scalability and implement intraprocedural alias analysis. Moreover, purely
static alias analyses are often too conservative when aliasing depends on runtime
inputs, calling contexts, or control-flow conditions, especially in cases where

pointers overlap only for specific or rare executions.

We first proposed a tool to estimate the upper bound on the performance of
SPEC benchmarks in the presence of the most precise aliasing information. The
key idea was to profile SPEC benchmarks to log alias information, use them to
optimize the program, and obtain an upper bound on the likely performance
improvement using the most precise alias analysis. Here, the upper bound is an
empirical, input-dependent estimate of the performance improvement achievable
through improved aliasing precision. We found that an execution time improve-

ment of up to 11.56% is possible for the SPEC benchmarks. Additionally, we



found that up to 53.32% execution time improvement is possible for Polybench
benchmarks. Polybench benchmarks are used to evaluate the effectiveness of

loop transformations.

To improve the precision of alias analysis, several prior works propose combin-
ing code versioning with dynamic checks to preserve the scalability of alias
analyses while selectively improving precision in performance-critical regions.
These approaches do not increase alias analysis precision, instead, they use
runtime checks to improve the effectiveness of alias analysis in enabling op-
timizations. These techniques are particularly effective when applied at the loop
granularity, since loops often dominate runtime. However, most of these ap-
proaches are restricted to loops with either loop-invariant bounds or have very
high overheads of dynamic checks, which limit their applicability. This thesis
proposes two approaches to reduce the overhead of dynamic checks to constant

time.

The first approach constrains the allocation size and alignment of the memory
objects using a segment-based allocator to reduce the overhead of the dynamic
checks to constant time. We achieved a CPU performance improvement of up
to 1.47% with a geometric mean of 0.55% for the SPEC benchmarks. The al-
locator introduced a maximum overhead of 8.36%, with a geometric mean of
1.47% across all SPEC benchmarks. For Polybench benchmarks, we achieved
up to 51.11% CPU performance improvement. The allocator introduced a maxi-
mum overhead of 5.3%, with a geometric mean of 0.21% across all Polybench

benchmarks.

Our second approach reduces allocator overhead by selectively constraining mem-
ory allocations. We also proposed a region-based allocation strategy that elim-
inates the need for memory accesses in the dynamic checks. This approach
never resulted in performance degradation and achieved improvements of up to

1.88% with a geometric mean of 0.58% on SPEC benchmarks. The maximum

il



CPU overhead of our allocator is 0.57% with a geometric mean of -0.2% for

SPEC benchmarks.

Both our approaches outperform a previous approach to disambiguate pointers,
which reported a 29% overhead for a SPEC CPU 2006 benchmark. The pri-
mary contribution of this thesis is the development of a dynamic disambiguation
approach that can be applied to enhance the performance of real-world, large-

scale applications.

il
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CHAPTER 1. INTRODUCTION

Chapter 1

Introduction

In this chapter, we motivate the need for context-sensitive interprocedural alias
analysis as a means to improve the precision of alias information used by com-
pilers. We provide a brief overview of current practices for evaluating and en-
hancing alias analysis precision, highlighting the key challenges that hinder their
adoption in real-world compilers. These challenges form the basis for the con-

tributions proposed in this thesis.

1.1 The Need for Precise Alias Analysis in Compiler

Optimizations

Compiler optimizations play a vital role in improving the performance of
programs by enabling transformations, such as dead store and load elimina-
tion [1,2], loop-invariant code motion [3], code vectorization [4], and so on.
These optimizations often rely on precise information about how memory is ac-
cessed—particularly whether two pointers may refer to the same memory loca-
tion. Alias analysis serves this purpose by identifying potential overlaps between
pointers. However, when the analysis lacks precision, the compiler must conser-
vatively assume that pointers may alias, which prevents the application of many
aggressive optimizations.

To illustrate this, consider the example in Figure 1.1a, a loop that adds ele-
ments from two arrays b and c, storing the result into array a. In its scalar
form, the loop processes one element at a time. However, with sufficient alias-

ing information, the compiler can transform this loop into a vectorized version
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void foo(int =*a, int =xb, void foo (int =*a, int xb,
int *c, int *size) { int *c, int =*size) {
1. for(int i = 0; 3. int t = xsize;
1 < *size; 1i++) 4. int 1i;
2. alil = b[i] + c[i]; 5. for (i = 0; 1i+3 < t;
} i = i+4)
6. ali:i+3]
= b[i:1+3] + c[i:1+3];
7.
8. for (; 1 < t; 1i++)
9. alil] = b[i] + c[i];
10.

}

(b) The transformed code using precise alias
(a) The original code. information.

Figure 1.1: An example demonstrating how precise alias information can enable
optimizations. If alias analysis can determine that a, b, c, and size do not over-
lap, the compiler can safely apply loop vectorization, allowing the loop iterations
to execute parallely.

that processes multiple elements in parallel, as shown in Figure 1.1b, which
might result in significant performance improvements. This transformation is
only safe if alias analysis can prove that the memory pointed to by a do not
overlap with b, ¢, and size. The correctness of this transformation is defined
under serial semantics, and therefore requires that the non-aliasing information
be preserved across function boundaries. However, most production compilers,
such as LLVM, do not retain such information interprocedurally due to the high
cost of maintaining precise alias relationships across calls. As a result, the com-
piler is forced to make conservative assumptions about pointer aliasing, which
can prevent optimizations from being applied. In this example, such conser-
vatism leads to the vectorization opportunity being missed entirely. This case
illustrates the power of precise alias information—it not only enables transfor-
mations like vectorization but also helps unlock the full optimization potential
of modern compilers. Therefore, improving alias analysis precision is crucial for

exposing optimization opportunities that would otherwise remain hidden.
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1.2 Context-Sensitive Interprocedural Alias Analysis

One way to improve the precision of alias analysis is to perform context-
sensitive interprocedural analysis. Alias analysis can be conducted either in-
traprocedurally, where alias relationships are determined within the boundaries
of a single function, or interprocedurally, where the analysis spans across func-
tion calls. While intraprocedural analysis is faster and more scalable, it often
lacks the information necessary to reason about pointer interactions introduced
via function arguments or return values.

In addition to interprocedural reasoning, context sensitivity plays a critical role
in enhancing precision. A context-sensitive alias analysis distinguishes between
different call sites of a function and maintains aliasing information specific to
each calling context. In contrast, context-insensitive analysis merges informa-
tion from all call sites, leading to conservative assumptions and potential loss
of precision. Preserving call site-specific aliasing behavior allows the compiler
to make more informed decisions about which memory accesses can safely be
optimized.

Consider again the example shown in Figure 1.1a, where the function foo
takes pointers a, b, c, and size as arguments. To determine whether the
loop can be safely vectorized, the compiler must know that a does not alias
with any of b, c, or size. Since these variables are passed as function argu-
ments, the aliasing relationships must be inferred at the call site and preserved
across the function boundary. A context-sensitive interprocedural alias analysis
can capture this non-aliasing information and make it available inside the func-
tion, thereby enabling optimizations such as vectorization.

Over the years, many algorithms have been developed to track and preserve
aliasing information across function calls in a context-sensitive manner [5-20].
However, even the most precise context-sensitive interprocedural alias analysis
fails to correctly deduce aliasing relationships when multiple allocations are per-
formed at the same allocation site. For example, when malloc is called within

a loop to allocate multiple elements of an array, the array’s elements are allo-
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cated using the same allocation site.
void foo (int #*xa, int n) {

for (int i = 0; 1 < n; 1i++)

ali] = (int *)malloc(36);

}
For a call like bar(a[x], a[y]), where x and y are two different indices of array
a, context-sensitive interprocedural alias analysis would fail to accurately assess
the aliasing relationship between a[x] and a[y], because both are allocated at the
same site. The default may-alias relationship would be assumed, even though
the actual relationship should be no-alias.
Context-sensitivity also fails to precisely assess aliasing relationships that are
dependent on user-input. So, even though context-sensitive algorithms are more
precise than context-insensitive analyses, their precision is limited due to their
static nature. Additionally, they are computationally expensive and require a sig-
nificant amount of memory to store aliasing information for each calling con-
text. Due to these scalability and precision concerns, production compilers such
as LLVM do not adopt such techniques, opting instead for more scalable in-
traprocedural analyses.
Compiler developers prioritize scalability over precision, leading to missed op-
timization opportunities in real-world applications. In both examples presented,
the lack of precise aliasing information causes the compiler to assume that the
arguments may alias, thereby blocking loop vectorization and similar optimiza-
tions. This highlights a fundamental limitation in existing compiler infrastruc-
tures and motivates the need for alternatives that can retain precision without
compromising the scalability of the algorithms. Another problem with the static
alias analysis algorithms is that they require pointers to be either an alias or
not an alias 100% of the time. For example, even if two pointers overlap
0.01% at runtime, the static analysis algorithm will consider them as potentially
overlapping accesses, and will not perform any optimization that would have
worked perfectly 99.99% of the time. Such cases can only be handled using

dynamic checks. The primary focus of this thesis is to propose lightweight
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dynamic checks to improve the performance of code regions that work with
non-overlapping pointers most of the time, as the non-overlapping property is

key for many prominent compiler optimizations.

1.3 Identified Problems and Proposed Solutions

One of the key challenges in alias analysis is understanding whether increas-
ing its precision leads to meaningful performance improvements. While several
alias analysis algorithms offer higher precision, their practical adoption is of-
ten hindered by concerns about scalability and unclear payoff. Without concrete
evidence of optimization benefits, compiler developers tend to favor faster, less
precise analyses.

A common approach to estimating the potential of improved alias analysis is to
make a static assumption that none of the pointers alias [21,22]. This provides
a loose upper bound on the number of optimizations that could be applied un-
der perfect alias information. While useful as a theoretical estimate, this method
is overly optimistic and does not reflect actual runtime behavior or achievable
gains.

To go beyond static approximations, we propose a profiling-based tool (Chap-
ter 4) that dynamically identifies the actual alias relationships present during
program execution. The tool operates in two steps: first, it instruments the
program to detect real alias interactions at runtime; second, it uses this infor-
mation to re-enable optimization opportunities previously missed due to conser-
vative alias assumptions. This approach offers a more accurate estimation of the
practical benefits of improved alias information.

Our tool is designed to identify optimization opportunities that, if enabled, can
lead to measurable performance improvements. Revealing which missed opti-
mizations are impactful allows developers to focus on cases where improving
alias analysis precision would translate directly into runtime gains. Furthermore,
it highlights the most influential alias relationships that block performance-
critical transformations, helping guide targeted enhancements to the alias analy-

sis without incurring unnecessary overhead.
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Another class of approaches addresses alias imprecision by disambiguating
pointers, i.e., determining at runtime whether two pointers may refer to overlap-
ping memory locations, at runtime using lightweight techniques [23-25]. These
approaches typically combine code versioning with statically generated dynamic
checks to determine, at runtime, whether an optimized version of the code can
be safely executed. Since loops are often the most performance-critical sections
in programs, such techniques are commonly applied at the granularity of loops.
Notably, our profiling-based tool supports this design choice by showing that
loop-level optimizations can offer substantial performance benefits when aliasing
restrictions are relaxed.

Many production compilers, including LLVM and GCC, implement loop ver-
sioning with dynamic checks [26,27]. These techniques are scalable and practi-
cal for real-world use. Still, they are limited to a subset of loops—specifically,
those with loop-invariant bounds, where the memory access patterns are pre-
dictable at compile time. Although a dynamic approach supports more general
loops [24], it relies on metadata lookups to identify object boundaries, which
incurs a runtime cost of O(logn) per dynamic check. This overhead makes the
approach unsuitable for large-scale applications.

To make runtime disambiguation viable for a broader class of loops and appli-
cations, we identified the need to reduce the overhead of dynamic checks. Our
solution is to constrain memory allocations (restricting the size and alignment
of memory objects at allocation time) in a way that makes pointer disambigua-
tion significantly cheaper, discussed in Chapter 5. Specifically, we introduce
an approach that constrains the size and alignment of memory objects during
allocation, enabling pointer disambiguation using just a single memory access,
thereby reducing the check overhead to O(1). This is achieved by implement-
ing a segment-based allocator that partitions memory into aligned segments for
efficient disambiguation.

While this approach provides fast checks, it constrains all memory allocations,
which leads to additional CPU and memory overhead, limiting its applicabil-

ity to some real-world programs. To improve scalability, we propose a second
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technique (Chapter 6) that constrains only those memory allocations that are po-
tentially accessed within additionally versioned loops. We implement a profiler
to identify such memory allocations, reducing unnecessary allocator overhead.
Furthermore, to eliminate the memory access required for dynamic checks in
our first approach, we design a region-based allocator that assigns the mem-
ory allocations to different memory regions that require the dynamic checks.
Our second scheme could improve the performance of most of the SPEC CPU
2017 benchmarks.

Our earlier profiling-based tool plays a key role in this design by identifying
precise alias relationships that require dynamic disambiguation at runtime. By
combining selective memory constraints with profiling insights, we enable scal-
able, low-overhead disambiguation, unlocking precise loop-level optimizations in
real-world applications.

Although our second scheme performs better than the first scheme, it has a
profiling phase. Our first approach can enhance the performance of large bench-

marks without requiring a profiler.

1.4 Thesis statement

This dissertation confirms the following thesis statement:

Thesis Statement

Runtime pointer disambiguation through constrained memory allocation
enables scalable and aggressive compiler optimizations that rely on

precise alias information.

More precisely,

TS -1 The logarithmic time complexity of pointer disambiguation can be im-
proved to constant time (with one memory access) by constraining the size and
alignment of all memory allocations using a segment-based allocator.

TS - 2 Pointer disambiguation can be made even more efficient by constraining
only those memory allocations that may be accessed in additionally versioned

loops. Additionally, using region-based allocation instead of segment-based allo-
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cation can reduce the CPU and memory overheads associated with constrained

allocation.

1.5 Contributions

This thesis explores practical approaches for evaluating and improving alias
analysis precision in compilers while maintaining scalability. Since aggressive
optimizations rely on precise aliasing information, we aim to make such pre-
cision useful and affordable in real-world applications. This work makes the
following key contributions to bridge that gap:

* We present a profiling-based tool (Chapter 4), integrated with LLVM, that
helps estimate the potential benefits of improving alias analysis precision.
It dynamically identifies actual alias relationships observed during execu-
tion and uses this information to highlight missed optimization opportuni-
ties. It allows compiler developers to assess whether refining alias analysis
precision will likely yield measurable performance gains.

* We propose a runtime disambiguation technique (Chapter 5), integrated
with LLVM, that uses a segment-based memory allocator to constrain the
size and alignment of memory objects. This design enables constant-time
(O(1)) pointer disambiguation through a single memory access, making
it feasible to enable optimizations such as loop vectorization in contexts
where static alias analysis is too conservative.

* To reduce the memory and CPU overheads introduced by globally con-
straining all allocations, we introduce a second approach (Chapter 6), im-
plemented in LLVM, that selectively applies memory constraints only to
allocations that may be accessed within additionally versioned loops. A
profiler is used to identify such allocations, and a region-based alloca-
tor is implemented to eliminate memory access overhead during dynamic
checks.

» Together, these contributions enable a practical balance between precision
and scalability in alias analysis. By combining dynamic profiling with

lightweight runtime disambiguation, we can unlock previously missed opti-
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mizations in real-world applications without the overheads of full context-

sensitive interprocedural analysis.

1.6 Extension of our profiling-based tool beyond the
M. Tech Thesis

This thesis revisits and significantly expands upon Horizon, a profiling-based
tool originally developed during my M.Tech thesis. Horizon served as a diag-
nostic tool, which introduced a runtime profiler to estimate the potential preci-
sion gains of static alias analysis when augmented with missed must-alias in-
formation. Its primary goal was to demonstrate how much improvement static
analysis could achieve if nearly perfect must-alias information were available.
However, through deeper investigation and practical evaluation, it became clear
that many impactful optimizations, particularly vectorization and loop invariant
code motion, depend not on must-alias information, but on no-alias guarantees.
Recognizing this, we decided to extend Horizon to include profiling-based no-
alias detection. In doing so, Horizon evolved from a profiler capturing selec-
tive alias information into a profiler capturing complete alias information. Thus,
it becomes a practical guide for compiler developers, helping them determine
where improving alias precision could yield measurable performance gains. Fur-
thermore, we extended Horizon to provide actionable feedback to users and de-
velopers, highlighting specific alias pairs that could potentially inhibit optimiza-
tions.

In this thesis, Horizon has been fully rewritten to support these broader objec-
tives. The evolved version of Horizon has been named Horizon+. It now in-
struments both must-alias and no-alias behaviors, and connects profiling results
directly to potential optimization passes. The result is a completely restructured
and reimplemented version of Horizon that is central to this thesis. It bridges
profiling and optimization by helping estimate the performance potential of im-
proving alias precision and guiding dynamic disambiguation strategies introduced

in later chapters.
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1.7 Relationship to the Publications

This thesis builds upon and extends several of our previously published papers,
which are listed in page viii. The thesis chapters build directly on the confer-
ence versions and therefore share substantial common content. Chapter 4 ex-
tends the corresponding conference paper by introducing additional material and
analysis that were omitted from the publication, while Chapters 5 and 6 are
based on the third and second papers listed in page viii, largely follow their
respective conference versions with revised introductions and a unified presenta-
tion.

Chapter 4 is based on our first conference paper listed in page viii. In the
thesis, the tool presented in the paper is referred to as Horizon+, as this work
extends an earlier M.Tech thesis, as discussed in Section 1.6. The chapter in-
troduction has been modified to focus specifically on the work discussed in the
chapter. In addition, the thesis includes a detailed discussion on providing feed-
back to the user, corresponding to Research Question 3, which is presented in
Section 4.4.4. This material was not included in the conference paper, which
primarily focuses on estimating a loose upper bound on optimization potential,
identifying useful and harmful optimizations, and enabling the safe insertion of
the restrict keyword based on inferred non-aliasing information for given
inputs. The conference paper also omits the analysis presented in Section 4.4.6,
which examines the relationship between performance impact and precision im-

provement potential.

1.8 Outline of Dissertation

The rest of the dissertation is organized as follows. We present the neces-
sary background and related work on alias analysis in Chapter 2 and Chap-
ter 3, respectively. Chapter 4 introduces our profiling-based tool named, Hori-
zon+ that quantifies the performance benefits of increased alias analysis preci-
sion. Chapter 5 and Chapter 6 describe two scalable, lightweight approaches

to disambiguate pointers at runtime. The first approach, encapsulated in a tool

10
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called Scout, leverages a segment-based memory allocator to achieve constant-
time pointer disambiguation but introduces some allocator overhead. To mitigate
this, the second approach introduces a tool named Rapid, which implements a
region-based allocator that selectively constrains memory allocations based on
profiling data, thereby reducing overhead while preserving optimization poten-
tial. Together, these contributions aim to bridge the gap between alias analysis
precision and scalability in modern compilers. Finally, Chapter 7 concludes the

dissertation and outlines directions for future work.

11



CHAPTER 2. BACKGROUND

Chapter 2

Background

2.1 Alias Analysis

Alias analysis determines whether a pair of pointers point to overlapping mem-
ory locations, which is essential for enabling safe and effective compiler opti-

mizations.

Type of alias relationships. Generally, there are three types of relationships be-
tween a pair of pointers: must-alias, no-alias, and may-alias. The
must-alias relationship indicates that both pointers always refer to the same
memory location at a given program point. The no-alias relationship guar-
antees that the pointers never point to overlapping memory. The may-alias
relationship signifies that the pointers might refer to overlapping memory lo-
cations, but not in all execution paths. Among these, must-alias and
no-alias are particularly valuable, as they provide deterministic information

that compilers can leverage to perform aggressive optimizations safely.
Consider the following example:

int main() {
int a, b;
int x, y;

int *p = &x;

12
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int xg = &x;

int »r &Vy;
int *t, *s = &a;
if (...)
t = &ay;
else

t = &b;

return O;

In this example,

* p and g both point to x, so they exhibit a must—-alias relationship.

* p and r point to different variables (x and vy), so they exhibit a
no-alias relationship.

* s always points to a, while t may point to either a or b depending on

the branch taken. Thus, s and t exhibit a may-alias relationship.

Intraprocedural and interprocedural. Alias analysis can be conducted either
intraprocedurally or interprocedurally. Intraprocedural alias anal-
ysis restricts its scope to a single function, analyzing aliasing within the func-
tion body while over-approximating the effects of function calls and external
interactions. In contrast, interprocedural alias analysis considers alias relation-
ships across function boundaries as in Andersen’s inclusion-based analysis [28].
It tracks how pointer values flow between callers and callees through function
parameters, return values, and global variables. While interprocedural analysis
tends to be more precise, it is also more computationally expensive and less

scalable.

Consider the following example:

void foo(int xx, int =xy);

13
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int main() {
int a, b;
int *p = &a;
int g = &b;
foo(p, q);

return 0;

In this example, pointers p and g are passed to the function foo, and they
point to distinct memory locations a and b, respectively. An intraprocedural
alias analysis performed within foo does not analyze the calling context from
main, and thus conservatively assumes that x and y might alias. As a result,
optimizations inside foo that rely on knowing whether x and y are distinct

might be inhibited.

On the other hand, an interprocedural alias analysis takes into account the call
sitte in main and can determine that x and y point to different variables.
Therefore, it can be safely concluded that the parameters x and y in foo do
not alias. This can enable the compiler to apply more aggressive optimizations

inside foo that would otherwise be blocked under conservative assumptions.

Context-insensitive and context-sensitive. Context-insensitive alias analysis treats
all invocations of a function as equivalent; it does not distinguish between dif-
ferent call sites and merges alias information across them, as in Andersen’s
inclusion-based analysis [28]. On the other hand, context-sensitive alias analysis
differentiates between call sites of the same function, maintaining alias informa-
tion that is specific to each calling context [29]. While context-insensitive analy-
sis is more scalable and faster, context-sensitive analysis offers greater precision
at the cost of increased time and memory usage. As a result, most produc-

tion compilers prioritize compilation speed and scalability, and thus rely mainly
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on intraprocedural alias analysis [30,31], with limited use of context-insensitive

interprocedural information.

Consider the following example:

void foo (int =*a, int b, int *c, int =xsize) {
for(int 1 = 0; 1 < xsize; 1i++)

ali] = bli] + c[i];

int main() {
int size = 100;
int plsizel], qglsize], rl[sizel;
foo(p, g9, r, size);
foo(p, p, ¥, size);

return 0;

In this code, foo is called twice with different aliasing behaviors among the
arguments. In the first call, all three pointers (a, b, and c) point to different
arrays, p, g, and r respectively i.e. there is no-alias relationship between
them. In this case, a compiler can safely apply optimizations such as loop

invariant code motion and loop vectorization, as discussed later in Figure 2.4b.

In the second call, both pointers a and b point to p, i.e., they must-alias.
This introduces a potential dependency between reads from b[i] and writes to

a[i], preventing the optimizations.

A context-insensitive alias analysis merges alias information across all calls to
foo and concludes conservatively that a and b might point to overlapping
memory locations. This inhibits optimizations in both calls, even where they

would be safe.
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By contrast, a context-sensitive alias analysis distinguishes between the two
calls. It allows optimizations in the first call by detecting no-alias, while
preserving correctness in the second by recognizing the must-alias relation-

ship. This leads to better overall performance without sacrificing safety.

There are multiple ways in which the context-sensitive optimization can opti-
mize this program. In the first approach, the first call to foo can be replaced
with foo_no_alias. foo.no_alias assumes that the pointers don’t over-
lap and thus the compiler can generate an optimized code for foo_no_alias.
In the second approach, the compiler can selectively inline the first call to
foo and thus it can be optimized using the non-aliasing information known to
main. Additionally, if foo can also be optimized using must-alias information,
the second call to foo can be replaced with foo_alias_ 2, which assumes

that the first two arguments are aliases.

Flow-insensitive and flow-sensitive. Flow-sensitive alias analysis considers the
control flow of the program and tracks how pointer relationships changes at
different program points, enabling more precise results [29]. On the other hand,
flow-insensitive alias analysis ignores program order and evaluates pointer rela-
tionships in a cumulative manner, assuming that all assignments may happen in
any order, as in Andersen’s inclusion-based analysis [28]. While flow-insensitive
analysis is more scalable and easier to implement, flow-sensitive analysis pro-

vides better precision, which is crucial for enabling certain optimizations.

A flow-sensitive analysis observes the program step by step. It determines that
at line 4, p points to a, and at line 5, p points to b, but no longer points to
a. This precise tracking allows the compiler to reason accurately about memory

access at each program point.

In contrast, a flow-insensitive analysis merges all assignments to p and con-

cludes that p may point to a and b throughout the function. This over-
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approximation limits the ability of the compiler to optimize or verify memory

accesses precisely.

Consider the following example:

int main() {
int a, b;
int *p;
p = &a; // Line 4
p = &b; // Line 5

return 0;

Field-insensitive and field-sensitive. Field-sensitive alias analysis distinguishes
between different fields of a built-in or user-defined data structure. It tracks
aliasing information for each field individually. This granularity allows more
precise reasoning about memory accesses involving complex data structures. In
contrast, field-insensitive analysis treats all fields of a structure as a single ab-
stract location. This means updates or accesses to one field are conservatively
assumed to potentially affect all fields, reducing precision but improving scala-

bility and simplifying implementation. Consider the following example:

struct {
int =*a;
int #*Db;

b op;

int main () {
int x, y;
p.a = &x;
p.b = &y;

return 0;
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A field-sensitive analysis recognizes that p.a points to x and p.b points to
y. Since x and y are distinct, p.a and p.b do not alias. On the other
hand, a field-insensitive analysis treats both p.a and p.b as accesses to the
same abstract location (i.e., p.*), and thus may conservatively conclude that
they could alias, even though they point to different memory locations. This
conservative behavior may block optimizations that rely on knowing fields are

distinct.

2.2 Optimizations Leveraging Alias Analysis Informa-
tion

Many optimizations rely on alias analysis to generate more efficient, yet se-

mantically equivalent, versions of a program. These optimizations depend on

must-alias and no-alias relationships to safely reason about pointer in-

teractions and apply transformations without changing program behavior. This

section describes several key optimizations used in our study that utilize alias

analysis information.

Global Value Numbering (GVN). GVN [32] eliminates redundant computations
by identifying expressions that are provably equivalent. It assigns a unique sym-
bolic number to each variable and expression; if two expressions receive the
same number, one is redundant and can be removed. GVN operates at the
function level, rather than within individual basic blocks, which is why it is re-
ferred to as “global” value numbering. This optimization relies on the program
being in Static Single Assignment (SSA) form, where each variable is defined

exactly once, simplifying redundancy detection.

Consider the example in Figure 2.1a, which computes the sum of two array
elements twice and returns the sum of those results. GVN assigns unique
value numbers to expressions with equivalent computation. In this case, both

instances of a[i] + b[i] are identical and operate on the same memory lo-
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int foo(int =*a,

int #*b, int i) { int foo(int =*a,
1. int x = a[i]l] + bl[i]; int *b, int i) {
2. int y = al[i] + bl[i]; 4. int x = a[i] + b[i];
3. return x + y; 5. return x + X;
} }
(a) The original code. (b) The transformed code using GVN.

Figure 2.1: An example demonstrating how GVN can optimize the code.

cations without any intervening modifications to a[i] or b[i]. GVN detects
this redundancy, assigns the same value number to both expressions, and elim-
inates the repeated computation on line 2. The transformed code, shown in

Figure 2.1b, avoids redundant loads and can improve the performance.

Loop Invariant Code Motion (LICM). LICM [3] improves performance by mov-
ing computations that yield the same result on every loop iteration outside the
loop body. These operations can include memory loads (moved before the loop)
and stores (moved after the loop), reducing the number of times they are ex-
ecuted. LICM also facilitates register allocation for invariant values, avoiding

repeated memory accesses across iterations.

void foo (int *a, int b, void foo (int =*a, int b,
int *c, int *size) { int *c, int =*size) {
1. for(int i = 0; 3. int t = *size;
1 < *size; 1i++) 4. for(int 1 = 0;
2. ali]l] = bli] + cl[i]; i < t; i++)
} 5. afil] = bli] + clil;
}
(a) The original code. (b) The transformed code.

Figure 2.2: An example demonstrating how LICM can optimize the code.

Consider the example in Figure 2.2a. The code computes the element-wise sum
of two arrays b and c, storing the result in array a, and repeats this operation
for xsize elements. If the loop bound xsize does not change during execu-
tion, LICM optimizes the code by hoisting the dereference of xsize outside
the loop, as shown in Figure 2.2b. It introduces a temporary variable t to hold

the loop bound and rewrites the loop to use t instead. Thus, avoiding repeated
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loading of the loop bound on every iteration and enhancing efficiency.

Dead Store Elimination (DSE). DSE [1] targets store operations that assign val-
ues to memory locations that are never subsequently read. Such dead stores
consume processor time and memory bandwidth unnecessarily. This optimiza-

tion identifies and eliminates them to reduce resource usage and improve overall

performance.
void foo (int =*a) { void foo (int =*a) {
1. xa = 10; 3. xa = 20;
2. xa = 20; }
}
(a) The original code. (b) The transformed code.

Figure 2.3: An example demonstrating how DSE can optimize the code.

In the example shown in Figure 2.3a, line 1 writes a value to the memory
location pointed to by a, but that value is immediately overwritten by line 2
without being read in between. Since the first store has no observable effect
on the program’s behavior, a compiler with DSE will remove line 1 during
optimization, resulting in the code in Figure 2.3b. DSE reduced an unnecessary

store/write operation that might result in performance improvement.

Loop Vectorization (LV). Loop vectorization [4] transforms scalar loop opera-
tions into vector operations that can execute in parallel using SIMD (Single
Instruction, Multiple Data) instructions. The compiler rewrites the loop to op-
erate on multiple data elements per iteration, significantly reducing execution

time, especially for compute-intensive workloads.

The example shown in Figure 2.4a performs element-wise addition of arrays
b and c, storing the result in array a, one element at a time within a loop.
When the compiler can determine that the pointers a, b, and c refer to dis-
joint memory regions (i.e., they do not alias), it safely assumes that no write
to a[i] interferes with reads from b[i] or c[i]. This enables loop vector-

ization. In the transformed code (Figure 2.4b), the main loop processes four
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void foo(int =*a, int «*b, void foo(int =*a, int b,
int *c, int =*size) { int *c, int xsize) {
1. for(int i = 0; 3. 1nt t = xsize;
i < *size; i++) 4. int i;
2. ali] = bli] + cl[i]; 5. for (i = 0; i+3 < t;
} 1 = i+4)
6. ali:i+3]
= b[i1:1+3] + c[1i:1+3];
7
8 for (; 1 < t; 1i++)
9 ali] = b[i] + c[i];
}
(a) The original code. (b) The transformed code.

Figure 2.4: An example to demonstrate how LV can optimize the code.

elements at a time, significantly improving performance. A cleanup loop then

handles any remaining iterations.

Superword-Level Parallelism Vectorizer (SLP). SLP [33,34] vectorization iden-
tifies independent, isomorphic operations within a basic block. These operations
are grouped together and converted into vector instructions, allowing them to
be executed simultaneously. This fine-grained form of vectorization complements

loop vectorization by exploiting parallelism even in non-loop code.

void foo(int =*a, int =*b) { void foo(int =*a, int =xb) {
1. Db[0] = al0] = 2; 3. Db[0:1] = a[0:1] = 2;
2. Dbl[l] = all] * 2; }

} (b) The transformed code.

(a) The original code.

Figure 2.5: An example to demonstrate how SLP can optimize the code.

The code in Figure 2.5a multiplies two consecutive elements of array a by 2
and stores the results in array b. If a and b do not overlap, the compiler
can safely apply SLP vectorization. SLP groups independent, adjacent scalar
operations into a single vector instruction that operates on both elements simul-
taneously. This transformation reduces instruction count and improves data-level

parallelism. As a result, lines 1 and 2 are merged into line 3 in Figure 2.5.
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Chapter 3
Related Work

Alias analysis is a foundational research area in compiler optimization and pro-
gram analysis, focused on determining whether two expressions in a program
may refer to the same memory location. It plays a critical role in enabling
optimizations such as dead store elimination, loop-invariant code motion, and
vectorization. A central challenge in this area is balancing precision and scal-
ability, especially for interprocedural analysis, where aliasing information must

be propagated across function boundaries.

3.1 Classical and Foundational Static Techniques

One of the earliest interprocedural approaches [35] demonstrated how alias in-
formation could be propagated across procedures using a binding graph to rep-
resent formal parameter interactions, although it focused primarily on call-by-
reference parameters. Subsequently, Andersen’s inclusion-based analysis [28] and
Steensgaard’s unification-based approach [5] became two of the most founda-
tional techniques in this space. Andersen’s method is a flow-insensitive and
context-insensitive analysis. It performs weak updates, which accumulate points-
to information rather than overwriting it, making it less precise than flow- or
context-sensitive analyses but still more precise than Steensgaard’s unification-
based method. Andersen’s method is cubic in time, whereas Steensgaard’s is
fast (linear time). These trade-offs highlight the underlying contest between scal-

ability and precision in alias analysis.
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3.2 Enhancements for Precision and Scalability in

Static Analyses

Several interprocedural analyses aim to improve upon the limitations of Steens-
gaard’s and Andersen’s techniques. Shapiro and Horwitz [36] enhanced Steens-
gaard’s unification model by introducing a parameterized framework that re-
places each node’s single outgoing edge with multiple out-degrees, enabling
more precise aliasing relationships through repeated fixpoint computations. In
contrast, Andersen-style inclusion-based analysis has been extended [15,37-40]
by focusing on identifying and collapsing strongly connected components within
the constraint graph to improve analysis efficiency without sacrificing inclusion
semantics. Additional strategies to mitigate imprecision include the use of weak
updates, which introduce a program call graph-based formulation [41], and on-
demand alias reasoning [42—44]. A hybrid unification-based approach [45] was
introduced that uses one-level flow sensitivity via directional assignments, im-
proving precision at the top level of pointer chains while retaining the scalabil-
ity of Steensgaard’s analysis. It effectively achieves near-Andersen precision for
top-level pointers by encoding directionality in pointer relationships. Type-based
analyses have also been explored as a means to improve precision [46—48]. De-
spite the precision improvements, the gains from these approaches were limited
due to the absence of context and flow awareness. Additionally, even scalability

remained a concern.

Flow-sensitivity and context-sensitivity are two independent concepts that have
been extensively employed to further improve the precision of alias analysis.
Flow-sensitive analyses respect the control flow of a program and track how
alias relationships evolve through program execution. Various flow-sensitive [49]
analyses use different approaches to maintain scalability in addition to precision
improvement. Choi and Burke used sparse evaluation graphs to model how alias
sets change across control paths [9], and Hind and Burke tracked entry and exit

sets at the statement level across control-flow boundaries [6]. These ideas were
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advanced by introducing partial transfer functions [12], symbolic pointer analysis
with BDDs [13], and semi-sparse analysis with BDDs [50] to summarize alias

effects in a flow-aware manner.

Later, def-use chain-based approaches [51-53] explicitly captured the flow of
data (or pointer values) between variables. Other approaches [14,54-57] use an
auxiliary analysis to compute def-use chains and then create efficient representa-
tions of the chains. Several recent approaches [42,58,59] compute def-use chains
on demand, significantly reducing unnecessary propagation. SkipFlow [16] fur-
ther advances this line of work by introducing a predicated points-to analysis
that interprocedurally tracks the flow of both primitives and objects using a
data structure called a predicated value propagation graph (PVPG), explicitly
modeling control-flow branching using predicate edges. Despite these innova-
tions, flow-sensitive analyses are still underutilized in production compilers due
to their higher memory demands and implementation complexity, making them

challenging to deploy at scale for large codebases.

Several interprocedural and context-sensitive pointer analysis algorithms have
been proposed. Examples include the call-string approach [8,10,13,19], cloning-
based strategies [7,11,52], and modular summary-based methods [9,12,18,20,60].
Recent approaches such as SVF [14] and FSAM [61] (for multi-threaded pro-
grams) achieve context-sensitivity using sparse value flow graphs and summa-
rization techniques. These analyses offer superior precision but suffer from scal-
ability limitations due to path explosion and memory requirements, particularly

in recursive or large modular programs.

Several empirical studies [62-65] confirm that context-sensitive analyses outper-
form context-insensitive ones in terms of precision, especially when field sensi-
tivity and flow sensitivity are also used. Hind et al. [66] provides a taxonomy

of pointer analysis techniques and articulates the trade-offs clearly.
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While numerous enhancements have improved static alias analysis in theory, it
is also important to assess whether these precision gains even lead to real-world

optimization benefits.

3.3 Assessing the Practical Impact of Improved Preci-

sion
Beyond scalability and precision, it is equally important to assess whether in-
creasing alias analysis precision leads to meaningful improvements in optimiza-
tion opportunities and tangible performance gains. While much of the literature
focuses on algorithmic design and comparison, another line of work evaluates
the practical impact of alias precision on compiler optimizations. One study
computes a loose upper bound on potential benefits by assuming no pointer
aliases, thereby estimating the theoretical maximum gain achievable with perfect
alias information [21]. This highlights how conservative aliasing assumptions
in real-world compilers can inhibit scalar optimizations. However, incorrect as-
sumptions about no-alias relationships between pointer pairs can optimize the
program in such a way that it leads to crashes at runtime, or incorrect or un-

defined behavior of the program.

More recently, Phulia et al. [22] exploits C’s unspecified order of evaluation to
statically infer must-not-alias relationships typically missed by traditional anal-
yses. These additional disambiguations enable compilers to perform more ag-
gressive optimizations by proving that certain memory accesses cannot interfere.
This is a user-annotated approach. Thus, this approach is prone to human error

and may focus on code regions that have minimal impact on performance.

ORAQL [67] is another optimistic approach that tries to estimate the gap be-
tween the current and ideal performance of HPC applications. The approach
proposed in ORAQL [67] begins optimistically, treating every may-alias pointer

pair as no-alias, then compiles and executes the program, and compares the
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output with the expected program output. If the output matches, the optimistic
assumption holds. If not (or the program results in an error), ORAQL itera-
tively tries to make the assumption less optimistic, using a bisection strategy,
iteratively dividing the set of alias queries into two halves until all queries can

be answered conclusively. ORAQL focuses primarily on HPC applications.

Weber et al. [68] argue against improving the precision of alias analysis by
suggesting that only about 3% of alias information leads to beneficial optimiza-
tions. While there is merit to the idea, as indicated by some of our experiments
(Section 4.4), our results indicate an overall performance benefit for most real-

world benchmarks.

3.4 Towards Dynamic Analysis: Profiling-based

Strategies and Runtime Pointer Disambiguation

Given the limited adoption of precise static techniques in production compil-
ers, dynamic methods offer an alternative path to precision with a manageable
overhead. Our work takes a dynamic analysis-based approach to identify ac-
tual alias relationships that occur at runtime. By instrumenting the code, we
capture fine-grained alias behavior during execution, enabling us to quantify not
only the realizable performance improvement from disambiguation but also to
pinpoint the specific alias relationships that most impact optimization decisions.
This methodology is inspired by prior work that employed instrumentation and
dynamic analysis to detect bugs in alias analysis implementations [69,70]. Al-
though such techniques do not scale well to large, real-world applications due
to the overhead of instrumentation, they are highly effective for studying which
aliasing behaviors most influence optimization potential, guiding future analysis
design toward the most performance-critical cases. As with any profiling-based
approach, the results reflect only the behaviour observed at runtime, and we
rely on users to profile with representative inputs so that the conclusions are

meaningful for their workloads.
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While these alias analyses estimate the limits of performance gains, another
class of approaches provides a more grounded perspective by disambiguating
pointers at runtime. These methods aim to estimate actual performance ben-
efits under realistic conditions and typically rely on lightweight runtime tech-
niques [17,23,24,26,27], combining code versioning with statically generated
dynamic checks. Campos et al. [23], for instance, implements code versioning
at the function granularity, generating multiple versions of a function where the
optimized variant assumes non-overlapping pointer arguments. At each call site,
a combination of static analysis and dynamic checks determines the version to

execute based on the aliasing relationships among function parameters.

Expanding upon function-level code versioning, other works extend this idea to
loop-level transformations, which is particularly impactful since loops typically
dominate execution time. These techniques insert dynamic checks on memory
accesses within loops to determine, at runtime, whether aggressive optimizations
can be safely applied. Alves et al. [24] utilizes polyhedral analysis [71-73] and
symbolic range analysis [74-76] to generate O(1) dynamic checks that verify
the non-overlapping nature of memory accesses. Similarly, the LLVM compiler
leverages Scalar Evolution analysis [77,78] to support dynamic alias checks in
loop versioning. These techniques are particularly effective when loop bounds

are loop-invariant, enabling efficient static reasoning.

To handle more general cases—specifically loops where bounds are not loop-
invariant—Alves et al. [24] proposed a purely dynamic approach. This tech-
nique disambiguates pointers at runtime by identifying the base object that a
pointer refers to. If two pointers map to distinct objects, they are guaranteed
not to alias. The method maintains a red-black tree of memory ranges for
allocated objects and performs O(logn) lookups to determine object identities.
While general and precise, this method introduces significant overhead in prac-
tice due to the cost of maintaining and querying dynamic metadata structures.

Our approaches, discussed in Chapters 5 and 6, address this limitation by re-
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ducing the overhead of dynamic checks to constant time (O(1)), making them

more suitable for real-world use.

Complementing these techniques, our approach in Chapter 5 uses a profiler to
identify loops that benefit from optimizations, while Chapter 6 leverages profil-
ing to determine which dynamic checks are necessary. Both strategies aim to
minimize overhead by focusing runtime checks only on performance-critical and
alias-sensitive regions. The idea of profile-guided speculative optimization has
been explored in prior work [79-84], where optimized code is generated un-
der non-alias assumptions and guarded by dynamic checks. When assumptions
fail, execution falls back to recovery code to maintain correctness. These tech-
niques were highly effective on older hardware with high memory latency, but
their benefits diminish on modern processors with larger caches and sophisti-
cated prefetching. As such, they are most effective when recovery is rare and

profiling indicates high confidence in alias assumptions.

To further reduce dynamic check overhead, our approach also draws on
interference-based strategies, similar to those used in register allocation. We
construct an interference graph where nodes represent memory accesses and
edges represent potential conflicts. Just as registers are assigned using graph
coloring, we assign regions in our analysis based on coloring the interference
graph [85]. Although graph coloring is NP-complete, we adopt a widely used
approximate coloring algorithm [86] to ensure efficiency. While linear scan reg-
ister allocation [87-90] is a fast alternative, it depends on program control flow,

which our analysis does not leverage—making it unsuitable in our context.
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Chapter 4

Estimating the Impact of the
Improved Alias Analysis Precision on
Program Performance

Static alias analysis is typically evaluated along two key dimensions: scalability
and precision. Due to the high computational cost of precise analyses, produc-
tion compilers often prioritize scalability, adopting conservative approximations
that avoid aliasing ambiguities. While this ensures robustness on large code-
bases, it limits the compiler’s ability to apply aggressive optimizations that rely
on accurate alias information. Although improving precision can potentially un-
lock such optimizations, it is equally important to assess whether these improve-

ments result in meaningful performance gains in practice.

Chowdhury et al. [21] estimate the potential benefits of perfect alias information
by assuming that no pointer pairs alias. While this approach provides insight
into the estimate of the performance upper bound, it does so without regard to
correctness, and therefore may introduce unsafe transformations that would crash
or miscompile real programs. More importantly, it fails to provide a realistic
understanding of how alias imprecision impacts the performance of real-world
applications. ORAQL [67] is another optimistic approach that tries to estimate
the gap between the current and ideal performance of HPC applications. Here,

ideal performance is said to be achieved in the presence of highly precise no-
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alias information.

We propose a profiling-based tool that estimates the practical performance ben-
efits of improved alias analysis. Our approach dynamically identifies alias rela-
tionships missed by static analysis and annotates the program with this infor-
mation. These annotations increase precision and allow the compiler to apply
optimizations that would otherwise be blocked. This enables an empirical eval-
uation of how alias precision affects performance in both sequential and multi-
threaded programs. Additionally, developers can use the inferred annotations as
feedback to safely insert the restrict keyword in cases where non-aliasing
is guaranteed for given inputs but not inferred statically. These annotations are
not applied automatically. Instead, they help knowledgeable users reason about
aliasing behavior and make informed, correctness-preserving decisions. We also
expose cases of inefficient code generation caused by overly aggressive opti-
mizations (Figure 4.6), helping compiler developers identify and fix optimization

bugs.

While annotations can be provided manually or generated automatically, user-
driven approaches such as the approach proposed by Phulia et al. [22] are prone
to human error and may focus on code regions that have minimal impact on
performance. To overcome these challenges, our tool automatically infers alias
annotations by instrumenting and executing the program. The inferred annota-
tions are presented to the user as feedback, allowing them to validate or discard
those that are input-specific or less reliable. In practice, the feedback can be
automatically filtered to performance-critical regions, avoiding exhaustive man-
ual inspection and keeping the approach practical for large applications. These
annotations can be used to annotate an unoptimized program or debug existing

user-provided annotations.

Beyond annotating alias information, our tool identifies the functions and the

optimizations that contribute most to performance improvements. This capability
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is a direct consequence of estimating alias precision bounds and is not provided
by existing compiler analyses. This helps developers make informed decisions
about where to apply more precise static analyses or validate annotations. We

implement our approach in an LLVM-integrated tool named Horizon+.

Although ORAQL and Horizon+ share the same overall goal, they differ in
several important ways. ORAQL uses a bisection strategy to separate pointer
pairs that do not alias from the ones that may alias, and is an optimistic or
assumption-driven method, whereas Horizon+ uses a profiling-based approach
to infer must and no-alias relationships at runtime and thus identifies true
alias relationships, which hold true only for the profiled inputs. Thus, unlike
ORAQL, Horizon+ can also handle must-alias queries. ORAQL relies on re-
peated compile-and-run iterations (2n— 1 iterations in the worst case), whereas
Horizon+ requires just two compile-and-run iterations, and the runtime depends
only on the number of queries, irrespective of their result and order. Further-
more, ORAQL focuses primarily on HPC applications (tested on a maximum of
50 KLOC), whereas Horizon+ focuses on CPU-intensive workloads (tested on a

maximum of 1304 KLOC).

This chapter essentially provides answers to the following questions:

RQ1 For a program and the given input test cases, what is the estimated upper

bound on the precision improvement potential of alias analysis?

RQ2 How does the estimated range of precision improvement impact the per-

formance of the program for given input test cases?

RQ3 Can Horizon+ precisely identify functions for performance improvement

when compiled using input-specific alias annotations?

RQ4 Which optimizations benefit the most from precise input-specific alias in-
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formation for the given program?
This chapter makes the following contributions:

* We present a method to automatically infer and annotate precise alias re-
lationships within a program.

* We integrate the technique into LLVM and evaluate it on standard bench-
marks to estimate the improvement potential of the default alias analysis.
We also identify the optimizations that benefit most from improved pre-
cision. The implementation is packaged into a new LLVM-integrated tool
named Horizon+.

* We measure the performance improvements on Polybench, CPU SPEC
2017, and SPLASH-2 benchmarks when enhanced alias information is in-

troduced into the compilation process.

Note that Horizon+ does not use runtime checks. It annotates the program
only for the alias relationships that certainly hold while profiling. For pointers
that overlap even slightly, as mentioned in the Section 1.2, it uses conserva-
tive may—-alias estimates. As a result, Horizon+ does not apply optimizations
that are valid for only a majority of executions. Such cases are intentionally

excluded to avoid unsound transformations.

4.1 Motivating Example

We now present an overview of our approach using the example in Figure 4.1a,
which is taken from the kernel _bicg function in the bicg benchmark from
the Polybench suite. This function implements the biconjugate gradient stabi-
lized method for solving nonsymmetric linear systems. The snippet contains a
nested loop that updates arrays s and ¢ in each iteration. For the default input
test case, the arrays s, ¢, r, p, and A are passed as arguments and do not

overlap in memory.
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1. static void kernel bicg( 9. static void kernel_bicg
int m, int n, (...) |
double A[][], double s[], 10. for (int i = 0;
double q[], double pl[], i < _PB_N; i++) {
double r[]) { 11. ql[i] = SCALAR_VAL(0.0);
2. for (int 1 = 0; 12. double tmp = g[i];
1 < _PB_N; i++) { 13. for (int j = 0;
3. gli] = SCALAR_VAL(0.0); j < _PB_M; Jj++) {
4. for (int j = 0; 14. s[J] = s[J]
J < _PB_M; Jj++) { + r[i] = A[i][]J];
5. s3] = s3] 15. tmp = tmp
6. + r[i] = A[i][3]; + A[Li]1[J] *~ plJl;
7. ali] = qli] }
8. + A[1][3] » pl]]; 16. gli] = tmp;
} }
} }
}
(a) Original code. (b) Optimized code.
17. static void kernel bicg 31. static void kernel_bicg
(...) | (...) A
18. for (int i = 0; 32. for (int i = 0;
i < _PB_N; i++) { i < _PB_N; i++) {
19. gli] = SCALAR_VAL(0.0); 33. gli] = SCALAR_VAL(0.0);
20. for (int j = 0; 34. for (int j = 0;
j < _PB_M; j++) { j < _PB_M; j++) {
21. s[jl = s3] 35. s[3l = s3]
+ r[i] = A[i][J]; + r[i] = A[i]1[3J];
22. gqli]l = gli] 36. qli]l = qlil
+A['][] x plil; + A[1][3] * p[3];
23. Instrument (&s[]j], &r[il); 37. noalias(&s[]j], &rf[il);
24, Instrument ( 38. noalias(
&s[Jl, &A[i1[31); &s[Jl, &A[i]1[31);
25. Instrument (&s[J], &glil); 39. noalias(&s[J], &gqlil);
26. Instrument (&s[]j], &plJjl); 40. noalias(&s[]jl, &pl]jl);
27. Instrument (&q[i], &r[il); 41. noalias (&ql[i], &rf[il);
28. Instrument ( 42, noalias (
&qlil, &A[i][J1); &qlil, &A[i][3J1);
29. Instrument (&ql[i], &s[]jl); 43. noalias (&ql[i], &sl[Jjl);
30. Instrument (&q[i], &plJl); 44. noalias (&ql[il, &plJjl);

} }

(c¢) Instrumented code after annotation in- (d) Annotated code after annotation incor-
ference phase. poration phase.

Figure 4.1: An example to discuss Horizon+ approach.
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The absence of aliasing between s and g enables optimizations such as Global
Value Numbering (GVN) and Loop Invariant Code Motion (LICM). As shown
in Figure 4.1b, GVN can hoist the memory access to g[i] out of the inner loop,
and LICM can introduce a temporary variable tmp to accumulate intermediate
values and move the store to s[j] outside the loop. These optimizations reduce

two memory accesses from the loop body, improving performance.

However, the default alias analysis in LLVM is intra-procedural and conserva-
tive. It lacks the context to determine whether s and ¢ alias and therefore
assumes a may-alias relationship. As a result, the compiler cannot safely
apply these optimizations due to the absence of deterministic aliasing informa-

tion for function arguments.

Our approach addresses this limitation by profiling the application to infer alias
relationships that cannot be determined statically. These inferences are specific
to the input test cases provided. As shown in Figure 4.lc, during the first
phase, instrumentation is inserted for pointer pairs such as (s[j], r[i]), (s[j],
AUD. G gliDe GLL pLD. (alil. 7). (glil. AGD. (qlil. s[j]) and (qlil
plj])- Each call to Instrument (x, y) represents dynamic tracking of the
alias relationship between the two memory locations. The program is then exe-

cuted, and the resulting alias information is stored in a log file.

In the second phase, Horizon+ uses this log file to annotate the program with
the inferred alias relationships. Figure 4.1d shows the annotated version of the
code. The annotation noalias (&s[j], &gqli]) explicitly informs the compiler
that these two memory accesses do not alias. This added information enables
the compiler to apply optimizations that were previously missed due to lack of
precision. It is important to note that these inferred annotations are valid only

for the input test cases used during profiling.

In this context, our goal is not to provide universally sound annotations for
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Figure 4.2: Architecture of Horizon+.

all possible executions, but rather to estimate the upper bound on the preci-
sion improvements achievable by alias analysis and to understand their impact
on performance. Consequently, Horizon+ is not designed as a general-purpose
optimization framework, instead, it serves as a tool for developers and com-
piler designers to identify missed optimization opportunities and reason about

the limitations of current alias analysis techniques.

4.2 Horizon+

Figure 4.2 shows the architecture of Horizon+. It executes the program to infer
alias information missed by static alias analysis and annotates the program with
the newly discovered information. These annotations enable the compiler to ap-
ply additional optimizations that were previously blocked due to conservative

aliasing assumptions. Horizon+ operates in the following five phases:
* Annotation inference phase: This phase takes the optimized intermediate

representation (IR) of the program as input. Horizon+ instruments the IR

to track alias relationships missed by the static analyzer, compiles it into
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an executable, and runs it with default input test cases. During execution,
a log file is generated, recording the dynamically inferred alias relation-
ships.

Annotation incorporation phase: The optimized IR and the log file from
the previous phase are used to annotate the IR with the inferred alias
information. The annotated IR is then recompiled. The compiler leverages
these annotations during optimization to generate more efficient code.
Precision Analysis: In this phase, Horizon+ compares the native and an-
notated IRs by compiling both and evaluating the precision of the alias
analysis. Section 4.4.2 presents the estimated precision improvement po-
tential of LLVM’s default alias analysis on standard benchmarks.
Performance Analysis: This phase compares the performance of the native
and optimized executables generated in the annotation incorporation phase.
Horizon+ runs both versions on default input test cases and reports the
performance improvements and helps in identifying the optimizations that
benefit the most, as discussed in Section 4.4.3.

Feedback to the user: In the final phase, benchmarks that show signifi-
cant performance improvements are further analyzed to identify the most
impacted functions. Using the Gprof tool [91], Horizon+ maps the rele-
vant IR annotations back to source-level functions. These annotations are
reported to the user for validation, allowing them to retain those likely to

hold across different inputs.

4.2.1 Annotation inference phase

The goal of the annotation inference phase is to dynamically infer precise alias

annotations for pointer pairs that static alias analysis fails to disambiguate. To

achieve this, Horizon+ maintains a list called the tracking-list, which includes

all pointers that may require runtime tracking.

Initially, Horizon+ adds the pointer operands of loads, stores, atomic instruc-

tions, and memory intrinsics (e.g., memcpy) to the tracking-list. These operands
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struct MetaDataTy {
unsigned long long offset:48,
unsigned long long alias:1
bi
Initialize () {
for each pointer pair (P1l, P2) {
MetaData[Pl, P2].offset = MAX_OFFSET;
MetaData[Pl, P2].alias = 1;

Instrument (P1, P2) {
offset = abs(P1 - P2);
MetaData[Pl, P2].alias &= (offset == 0);
if (offset < MetaData[Pl, P2].offset)
MetaData[Pl, P2].offset = offset;
}

Figure 4.3: Annotation inference logic. The minimum absolute relative offset
between P1 and P2 is stored at runtime. The alias field in the metadata is set to
zero if there is at least one instance when P1 and P2 are not equal.

represent either addresses of array elements or internal fields when the array
contains structures. It then computes the base address of each element by re-
cursively analyzing pointer arithmetic and typecasts, and adds these base ad-
dresses to the list. Additionally, pointer-type function arguments are also in-
cluded. Pointer pairs where neither pointer dominates the other in control flow
are excluded, as such cases are rare in optimization queries and have minimal

impact.

Instrumentation logic. Horizon+ inserts instrumentation for each unordered
pointer pair P1, P2 in the tracking-list if static alias information is unavailable
for that pair. For each function, it allocates a MetaData array of size N(N —
1)/2, where N is the number of tracked pointers. Each pointer pair is assigned

a unique index in this array.

Figure 4.3 shows the annotation inference logic. For each instrumented pointer
pair {P1, P2}, Horizon+ tracks the minimum absolute relative difference be-
tween Pl and P2. In addition, Horizon+ tracks whether a pointer pair always

aliases by observing their runtime behavior during profiling. A pair is classi-
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fied as must-alias only if the two pointers are observed to overlap at every
access throughout execution, providing a guarantee with respect to the profiled
inputs. This is required for the case when P1 and P2 both alias and do not
alias (at different times) during the program execution (may-alias). At the
entry of the main routine, the Initialize routine is called. It sets the
offset and alias fields in the metadata to the maximum possible offset
(MAX_OFFSET) and one, respectively, for each unordered pointer pair in the
tracking-list. Before exiting the program, Horizon+ logs the metadata to a file
that is used by the annotation incorporation phase (Section 4.2.2).

The log file entry corresponding to pointer pair {P1, P2} is interpreted as fol-

lows:

1. If offset = 0 and alias = 1, then P1 and P2 are aliases.
2. If (offset = 0 and alias = 0) or offset = MAX_OFFSET, then
P1 and P2 may or may not alias.

3. If offset > 0, then P1 and P2 either partially alias or do not alias.

4.2.2 Annotation incorporation phase

During the annotation incorporation phase, Horizon+ annotates the IR with the
alias information present in the log file generated during the inference phase
(Section 4.2.1). If an unordered pair of pointer expressions {P1, P2} is in-
ferred as must-alias, and the instruction computing P1 dominates the instruction
computing P2, Horizon+ replaces all uses of P2 with P1. If the types of Pl
and P2 are different, P2 is replaced after typecasting Pl to P2’s type. After
this step, the compiler can statically infer that all usages of P2 and P1 are
pointing to the same address. However, the no-alias cases are tricky. We
rely on the metadata and intrinsics for inferred no-alias pointer pairs that
are used in any memory access instruction, described in Section 4.3. Consider
the checkAlias function in Figure 4.4. checkAlias is the original alias

analyzer interface for alias queries.
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checkAlias (void %P1, void *P2, size_t P1l_size,
size_t P2_size);

newCheckAlias (void %P1, wvoid =*P2,
size_t Pl_size, size_t P2_size) {
Ret = checkAlias (P1l, P2,
Pl_size, P2_size);
if (Ret == DONT_KNOW)
for each metadata intrinsic
(X, Y, offset)
if ((P1 == || P2 == X)
&& (P1 == || P2 == Y))
if (offset >=
max (P1l_size, P2_size))
return NOT_ALIAS;
else
return PARTIAL_ALIAS;
return Ret;

}

Figure 4.4: The original checkAlias interface takes a pointer pair and their
respective sizes as inputs. The newCheckAlias routine, if required, also walks
all the metadata intrinsics to check if an intrinsic contains the input pointer pair
and an offset that is greater than the sizes of both the pointers.

The checkAlias function takes two pointers P1 and P2, and their sizes
Pl _size and P2_size as input, where P1 size and P2_size should be
statically determined. The checkAlias function reports a pointer pair to be
no-alias, if it can statically infer that the memory regions ‘‘P1, P1 +
size P1’’ and ‘P2, P2 + size P2’’ do not overlap. To answer these
queries, Horizon+ annotates the source code with metadata intrinsics. A meta-
data intrinsics is ignored by the compiler during the code generation but re-
tained during the intermediate program transformations. Our metadata intrinsic
contains a pair of pointers and the minimum absolute relative offset observed

during the inference phase (Section 4.2.1).

We have modified the checkAlias interface to newCheckAlias (see Fig-
ure 4.4). newCheckAlias additionally iterates the metadata intrinsics to find
an answer if the checkAlias does not have a definite answer. The proto-
type of newCheckAlias is the same as checkAlias. If newCheckAlias

finds metadata intrinsic that contains P1 and P2 and the offset is greater than
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or equal to the maximum of Pl _size and P2_size, it reports them as
no-alias. Note that the offset is the minimum absolute relative offset ob-
served during the annotation inference phase. If offset >= max(Pl_size,
P2 size), then the memory regions ‘‘P1l, P1+P1 size’’ and ‘‘P2,
P2+P2_size’’ do not overlap. However, this is not the best answer we can
give. For example, consider a case when P1_size is less than P2_size. At
runtime, the minimum relative offsets are P1_size if P1 < P2 and P2_size
if P2 < P1. In this case, if the offset is greater than equal to P1_size, we
can safely conclude that P1 and P2 are no-alias. To support this, we need
to track two offsets during the annotation inference phase. The first one is the
minimum relative offset if P1 < P2, and the second one is the minimum rel-
ative offset if P2 < P1. We have not implemented this feature. To estimate
the loose upper bound of the precision loss due to this restriction, we counted
the number of queries in which the runtime minimum offset lies between the
size of input pointer pairs. The maximum number of such queries is 88 for the
500.perlbench_r benchmark. Notice that even if we log two offsets during

the annotation inference phase, some of these queries may remain unanswered.

4.3 Implementation

We implemented Horizon+ as a part of the LLVM infrastructure (v10.0.0). The
default implementation of alias analysis in LLVM involves four passes: basic,
type-based, scoped no-alias, globals mod/ref and, scalar
evolution alias analysis. For an alias query, these analyses are performed
in a sequence until a definite answer is reached. In LLVM, the alias analysis

results are used for optimizations such as GVN, LICM, DSE, LV, and SLP.

Horizon+ works on an optimized intermediate representation (IR) of the pro-
gram. The input to the annotation inference phase (Section 4.2.1) and anno-
tation incorporation phase (Section 4.2.2) is an optimized LLVM IR compiled
with the O3 optimization level. We disable SLP, LV, and loop unrolling while

generating the input IR. Although the annotation incorporation pass operates on
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the original program structure, some loops may already be vectorized or un-
rolled by earlier optimization passes. In such cases, additional alias information
generated using the annotation inference phase does not enable further optimiza-
tion by vectorization or loop unrolling. However, if loop unrolling and vector-
ization are first performed on an IR after the additional alias information is
incorporated, LLVM can vectorize and unroll better than it does without the
additional alias information. So, it is better to disable these optimizations dur-
ing the initial optimization and only enable them later, when annotations have

been incorporated.

We have added two new passes to LLVM. The first pass, known as “dynaa”,
performs the annotation inference phase. The second pass, known as ‘“get-
dynaa”, performs the annotation incorporation phase. Horizon+ also annotates
the source code with alias information, in addition to providing statically iden-
tified aliases of pointer pairs as feedback to the user. To get the inferred anno-
tations, the “map-annotations” option can be provided with the annotation incor-
poration pass. This feedback allows users to incorporate the chosen annotations
at the source code level. They can then compile and execute the source code
on different compilers. The annotations provided as feedback to the user are
mapped to the source code by LLVM using the debug information added by
the option (—g). This information is not guaranteed to be correct for some
cases, as mentioned in [92]. The debug information might get affected due
to the transformations and optimizations taking place due to different LLVM

passes. However, in most cases, the information will be accurate.

The annotation inference pass selectively instruments the functions that con-
tribute significantly (>95%) to the total execution time of the benchmark. The
per-function execution time is obtained using Gprof [91] tool. The annota-
tion incorporation phase incorporates the information (generated during the an-
notation inference) from the log file phase into the IR. The incorporation of

must—-alias information is simple and has been described in Section 4.2.2.
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The remaining information (no-alias) present in the log file is added us-
ing an LLVM metadata and intrinsic. The resulting IR is further provided to
the other optimization passes to leverage the information collected by Horizon+.
Whenever the default implementation of alias analysis fails to provide a defini-
tive answer for a pointer pair, the result is checked in the newly added infor-
mation by parsing through the metadata intrinsics (newAliasCheck routine in

Figure 4.4). In this case, the result can be either no-alias or may-alias.

Adding no-alias information. We rely on the scoped no-alias
analysis pass of LLVM by attaching the alias.scope and noalias
metadata [93] to inferred no-alias pointer pairs that are used in any mem-
ory access instruction. The alias.scope and noalias metadata is attached
to such non-overlapping memory accesses. Currently, the scoped no-alias
analysis pass of LLVM provides metadata support for the limited set of in-
structions (i.e. memory access instructions). Thus, to incorporate the information
about no-alias pointer pairs other than the memory access instructions, we

also modify the LLVM’s backend to add a new LLVM intrinsic.

LLVM intrinsics can preserve metadata for the program throughout the trans-
formation passes. We have added a new intrinsic named “llvm.noalias.dynaa”
to the LLVM backend. This intrinsic takes three arguments. The first two
arguments are pointers wrapped in the form of “LLVM’s metadata nodes,”
and the third argument is a 64-bit integer. This type of intrinsic can also be
referred to as a debug intrinsic since the arguments passed to this intrinsic
hold the metadata for the program. The program needs to be compiled in
debug mode (-g option), since the arguments of the intrinsic represent debug
information. A sample usage of the intrinsic is this:

call void @llvm.noalias.dynaa (metadata DATA_TYPE %1,
metadata DATA_TYPE %2, metadata i64 c)

where metadata represents the LLVM’s metadata node, DATA_TYPE repre-

sents the type of the pointer, 164 represents a 64-bit integer, %1 and %2
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represent pointers, and c represents a constant integer value. We refer to this

intrinsic using noalias-intrinsic.

4.4 Evaluation

We evaluated Horizon+ on the default implementation of alias analysis in
LLVM using 30 Polybench [94] benchmarks, eight C benchmarks which are
available as a part of Intrate and FPrate suites in CPU SPEC 2017 [95], and
10 SPLASH-2 [96] benchmarks. The maximum program size in Polybench is
approximately 1086 LOC, in CPU SPEC 2017 is approximately 1304 KLOC,
and in SPLASH-2 is approximately 11760 LOC, demonstrating that our evalu-
ation includes both small kernels and large real-world applications. For Poly-
bench benchmarks, the extra-large input set has been used for the evaluation.
For the CPU SPEC 2017 benchmarks, we have used the reference input set.
Table 4.1 describes the input set used for three benchmarks of SPLASH-2
benchmark suite and for the remaining seven benchmarks we used the native
input set mentioned in [97]. In order to understand the impact on the per-
formance, benchmarks need to have reasonably high execution times. Therefore,
we have used custom inputs to ensure reasonably high execution times for three
benchmarks mentioned in Table 4.1. For simplicity, we refer ocean (contigu-
ous_partitions) as ocean_cp, ocean (non_contiguous_partitions) as ocean_ncp,
Iu (contiguous_blocks) as lu.cb and lu (non_contiguous blocks) as lu_ncb.
The experiments were performed on 2.10GHz Intel(R) Xeon(R) Silver 4116
CPU 12 core machine with an x86_64 architecture and 32 GB primary mem-
ory which uses a 64-bit Ubuntu 18.04.1 operating system. We had disabled the
hyper-threading during our experiments. For performance numbers, we used the

minimum runtime out of the five runs for each benchmark.

Since ORAQL and Horizon+ largely have the same goal, we tried to evaluate
and compare the performance of both tools on the selected benchmarks. How-
ever, we were unable to gather results for ORAQL because the artifacts for the

tool were only partially available, leading to segmentation faults for the selected
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Table 4.1: Input set description for SPLASH-2 benchmarks.

Benchmark Input set
ocean ncp 4098 x 4098 Grid, Timestep = 28800,
Distance between grid points = 20000, Error tolerance = le-07
radiosity Largeroom, BF refinement = 0.00025
raytrace Environment file = car.env, Antialiasing with subpixels = 32768

benchmarks (CPU SPEC 2017).

4.4.1 Overhead of annotation inference phase

The annotation inference phase infers the annotations by instrumenting the pro-
gram as described in Section 4.2.1. The added instrumentation significantly af-
fects the execution time of the program. The overhead depends on the num-
ber of pointer pairs instrumented. We observed that the overhead of the an-
notation inference phase has a positive correlation with the number of pointer
pairs instrumented. The overhead lies in the range of 1x (seidel-2d) to 126x
(lu_cb) with an average overhead of 25x (with respect to the original execution
time). 31 of the 48 tested benchmarks have an overhead of less than 25x. Even
though the overhead is high, this is a one-time overhead that is incurred before

the program is optimized and used in production.

4.4.2 Precision improvement potential

RQ1 For a program and the given input test cases, what is the estimated

upper bound on the precision improvement potential of alias analysis?

The graph shown in Figure 4.5 plots the percentage of precision improve-
ment potential which is computed as the percentage increase in the number of
no-alias and must-alias pointer pairs when the Polybench, CPU SPEC
2017 and SPLASH-2 benchmarks are compiled with and without the program
annotations. We use the LLVM’s “aa-eval” pass to generate this information.
For Polybench, the graph depicts benchmarks for which the precision improve-
ment potential is greater than 10%. Out of these nine benchmarks, three bench-

marks report an improvement potential of more than 30%. These results indicate
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Figure 4.5: Precision improvement potential (%) for Polybench, CPU SPEC 2017
and SPLASH-2 benchmarks.

a substantial potential to improve the precision of the alias analysis implemen-

tation for the default input test cases.

We further observe that the current implementation of static alias analysis in

LLVM misses pointer pairs involving:

* Inter-procedural information such as function arguments or return values
of functions and,
* Information depending on user input (dynamic information) or conditional

statements.

The information related to function arguments and return values of functions
can be determined statically by performing inter-procedural analysis. However,
due to its expensive nature, most alias analysis implementations avoid per-

forming inter-procedural analysis. We observed that most pointer pairs missed
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Table 4.2: Performance impact (%) comparison for Polybench and CPU SPEC
2017 benchmarks (AO = All optimizations enabled, MEO = The most effective
combination of optimizations enabled).

Benchmark AO (%) | MEO (%)
gemver -1.02 0.2
gesummv 46.59 47.38
bicg 53.16 53.32
mvt -0.37 0.36
adi -7.67 0.33
jacobi-1d 20.47 21.11
519.Ibm_r 1.15 1.15
544.nab_r 0.77 1.02
538.imagick_r 0.94 1.17
505.mcf_r 2.06 3.65
557xz.x 1.64 2.1
525.x264 -1 11.56
500.perlbench_r | 0.51 1.02
502.gccr 348 3.82

for benchmarks such as jacobi-2d, heat-3d, jacobi-1d, adi, 3mm,
cholesky, lu, ludcmp and gemver involve function arguments. These
pointer pairs were missed due to the absence of inter-procedural alias infor-
mation, as shown in Figure 4.5. Horizon+ was able to provide precise answers
for such pointer pairs. Therefore, the precision improvement scope for these
benchmarks is significantly higher than the other benchmarks. A large majority
of benchmarks (39 of 48) demonstrate a precision improvement scope between
0% and 10%. The remaining nine benchmarks show a very high (greater than
10%) precision improvement potential. These estimates depend on the input test

cases provided during the annotation inference phase.

4.4.3 Performance improvement potential

RQ2 How does the estimated range of precision improvement impact the

performance of the program for given input test cases?

We estimated the impact on the performance of the Polybench and CPU SPEC
2017 benchmarks by incorporating the program annotations inferred by Hori-

zon+ for the provided input test cases. We did this by computing the per-
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centage change in the execution time of each benchmark compiled with and
without annotations. Since it was discovered that certain optimizations could
harm performance, we also tried calculating the percentage improvement in ex-
ecution time for each benchmark while keeping only the most effective com-
bination of optimizations enabled. To ensure correctness, we verified that the
annotated programs produce the same outputs as the original unannotated ver-
sions for the given inputs, none of the benchmarks crashed, and all executions
completed successfully. Table 4.2 shows these results for the CPU SPEC 2017
benchmarks and for the Polybench benchmarks that result in a significantly high

performance impact (positive or negative).

static void kernel_adi (int tsteps, int n, double ul],

double v[], double p[], double g[]) {
for (3=1; J<_PB_N-1; Jj++) {
[1][]=—c/(a*p[][ -1]+b);
qlil[J] = (-d*ul[jl[i-1]+ (SCALAR_VAL(1.0)
+ SCALAR_VAL (2.0) xd) * [j][ i]
- fxul[j][i+1l]-a*»q[i][]J-1])/(a*pli]l[j-1]1+b);

Figure 4.6: An example (adi) with negative performance impact of -8 %.

By examining the intermediate representation and statistics in Table 4.2, we

make the following interesting observations:

* In bicg, for the code snippet in Figure 4.1b, the no-alias relationship
inferred by Horizon+ between arrays s, r, p, g, and A enables GVN and
LICM. GVN moves the load instruction for r[i] outside the inner loop
since r[i] is never modified inside the loop. LICM moves the store in-
struction for ¢li] to the end block of the inner loop by storing the inter-
mediate results for the operation into a temporary variable. The final re-
sult is stored into g[i] when the inner loop has finished executing. These
optimizations further unroll the loop body by a factor of 2.

* In gesummv, for the code snippet in Figure 4.7, the no-alias rela-

tionship inferred by Horizon+ between arrays tmp, A, B, x and y enables
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static void kernel_ gesummv ( static void kernel_ jacobi_1d(
int n, double alpha, int tsteps, int n, double A[],
double beta, double A[], double B[]) {
double B[], double tmpl], for (1 = 1; 1 < _PB_N - 1; 1i++)
double x[], double y[]) { B[i] = 0.33333 x (A[i-1]
Ali] + A[1 + 11);
for (i = 0; i < _PB_N; for (i = 1; 1 < _PB_N - 1; i++)
i++) { A[i] = 0.33333 * (B[i-1]
tmp[i] = SCALAR_VAL(0.0); B[i] + B[i + 11);
y[i] = SCALAR_VAL(0.0); }
for (j = 0; j < _PB_N;
Jj++) A
tmp[i] = A[1i][]]
* x[J] + tmp[i];
y[i] = B[i][]]
* x[J] + ylil;
}
y[i] = alpha
* tmp[i] + beta * y[i];

}

Figure 4.7: Some examples (gesummv and jacobi-1d) with positive perfor-
mance impact of 47% and 21% respectively.

GVN and LICM. LICM moves the store instructions for the array ele-
ments tmpli| and y[i] out of the body of the inner loop by storing the
intermediate results into temporary variables. The final result for rmpli|
is stored right after the inner loop finishes execution. GVN removes the
load instruction for tmp[i] as the value for rmpl[i] can be obtained from
the temporary variable used earlier to store its value. These optimizations
further enable SLP vectorization for the operations being performed in the
inner loop body.

* In jacobi-1d, for the code snippet in Figure 4.7, the no-alias re-
lationship inferred by Horizon+ between A[i — 1], A[i], A[i+ 1] and BJi
allows GVN to remove the load instructions for A[i— 1] and A[i] as these
values are respectively equivalent to A[i] and A[i+ 1] from the previous
iteration. This optimization results in reducing the loads present in the
body of the inner loop from 3 to 1. The optimization is also performed

for the second inner loop which loads B[i], B[i— 1], and B[i+ 1]. The op-
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timization further benefits loop vectorization to avoid performing redundant
loads (A[i —1], A[i], B[i—1] and B[i]) in the loop body.

* In adi, for the code snippet in Figure 4.6, the no-alias relationship in-
ferred by Horizon+ between p[i][j] and ¢[i][j] results in triggering SLP
vectorization. SLP vectorization should only be performed when similar
types of operations are performed independently. Otherwise, it can end up
harming the performance of the program. In this case, SLP vectorization
ends up adding extra vector instructions inside the loop body, increasing
the execution time of the benchmark due to the new no-alias information.
Table 4.2 shows that the performance of adi improves by 0.31% when
SLP vectorization is disabled during compilation.

e In 525.x264.r, pixel_hadamard_ac function is responsible in degrading
the performance of the benchmark. The no-alias information inferred
by Horizon+ for the function pixel_hadamard_ac enables SLP vector-
ization due to the removal of one load instruction by GVN. This ends up
adding extra instructions to the intermediate representation, increasing the
overall cost of the function. Disallowing GVN while compiling the pro-
gram with annotations improves the overall performance of the benchmark

by 12%.

We further observed that some benchmarks reported difference in the perfor-
mance impact when compiled with all optimizations enabled as opposed to
when compiled with a specific subset of optimizations. Interestingly, disabling
certain optimizations can actually produce better performance as compared to
keeping all optimizations enabled. Table 4.5 lists all the optimizations that don’t
cause any performance degradation for these benchmarks. For most of the Poly-
bench and CPU SPEC 2017 benchmarks, the impact due to increased alias anal-
ysis precision on the performance of the benchmarks lies in the range of 0%
to 10%. The occasional performance degradation can happen because optimizing
the benchmarks aggressively can result in triggering wrong optimizations or an

increase in code size which in turn degrades the performance of the benchmark.
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In such cases, disabling specific optimizations during compilation can result in

improving the performance of the benchmark.
4.4.3.1 Performance improvement potential of multi-threaded benchmarks

Although many of the optimizations enabled by Horizon are commonly dis-
cussed in the context of serial programs, they remain applicable to multi-
threaded programs because they operate within the scope of individual threads.
To assess the impact on the performance of multi-threaded programs using the
program annotations inferred by Horizon+, we use the multi-threaded bench-
marks of SPLASH-2 suite. We execute the benchmarks for different numbers of
threads (1, 2, 4, 8, and 12), compiled with and without program annotations.
Benchmarks fft, radix, ocean_cp, and ocean_ncp execute only when the
number of threads is a power of 2. These benchmarks have properties that

make the performance dependent on the numbers of threads [98].

Our primary goal is to estimate the upper bound on the improvement in alias
analysis precision and its impact on performance. Although parallel programs
can have different thread schedules and may contain data races, the optimiza-
tions enabled using precise alias information are still applied independently
within each thread. Different schedules can potentially affect the profiling be-
havior and may lead to unstable executions. To handle such cases, our ap-
proach can perform profiling multiple times and generate an accumulated pro-
file log across executions. However, such unstable behavior is rare in practice,
and we did not observe it for the evaluated benchmarks. All the evaluated
parallel benchmarks generated the expected output during the optimized execu-
tions. None of the benchmarks crashed or showed inconsistent behavior during
profiling or optimized execution, and therefore rerunning the profiling phase to

accommodate different schedules was not required.

Table 4.3 shows the performance impact (%) with different numbers of threads

for each benchmark when compiled with 1) all optimizations enabled, and 2)
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Table 4.3: Performance impact (AO = All optimizations enabled, MEO = The
most effective combination of optimizations enabled. The values indicate per-
centages.)

#Threads #Threads #Threads #Threads #Threads
=1 =2 =4 =8 =12

Benchmark AO | MEO | AO  MEO| AO | MEO | AO | MEO | AO | MEO
fft -0.13 1.56 | -0.21 0.45 -0.13 | 0.25 0.05 0.05 - -
lu_cb 9.87 9.9 1043 | 10.54 | 10.62 | 10.71 | 9.42 9.42 6.3 6.3
lu_ncb 8.48 8.75 8.43 8.85 7.18 7.44 5.11 5.58 5.78 6.18
radix -0.06 | 0.06 0.44 0.72 0 0.3 0.18 0.69 - -
barnes 5.83 6.09 5.13 5.13 7.64 7.64 4.87 5.53 6.23 6.23
ocean._cp 5.16 5.26 0.02 0.09 0.1 0.14 | -0.02 | 0.02 - -
ocean_ncp 0.42 0.69 0.92 1.17 0.58 0.58 | -0.24 | 0.08 - -
radiosity 1697 | 17.98 | 1599 | 17.36 | 1493 | 15.68 | 7.51 10 7.25 8.7
raytrace 3435 | 3435 | 41.77 | 41.77 | 1635 | 17.39 | 19.95 | 20.23 | 2346 | 239
water-nsquared | 3.44 4.41 11.74 | 1273 | 994 | 10.61 | 11.14 | 11.59 | 9.73 10.57

the most effective combination of optimizations enabled. For multithreaded ap-
plications, compiler optimizations can further affect cache contention among
threads. However, the overall performance of multithreaded executions is influ-
enced by cache contention. To quantify this effect, we measure the number of
HITM (loads that hit in a modified cache) events [99] using the perf tool [100].

A reduction in HITM events indicates a reduction in cache contention.

We observe that raytrace shows a significant improvement compared to the other
benchmarks when compiled using program annotations. The main reason for
this is a significant reduction in loads (22-30%), stores (23-25%), and HITM
events (11-32%) for different numbers of threads. The reduction in HITM
events (32%), loads (30%) and stores (25%) is the highest with two threads.

The reduction in HITM events (11%) is the lowest for four threads.

For radiosity, the improvement is due to the reduction in loads (1-5%), stores
(9-15%), and HITM events (-16-38%). The best performance improvement is
achieved with one thread, and then it consistently decreases with the growing
number of threads. This happens because as the number of threads increases,
the reduction of HITM events (maximum for two threads, at 31.72%) decreases.

For 12 threads, the number of HITM events is increased by 16%.
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For water-nsquared, precise alias information leads to an approximate reduction
of 50% in both loads and stores, irrespective of the number of threads, resulting
in a good performance improvement. The performance gains are significantly
higher when the number of threads is greater than one because of the huge

reduction in HITM events in the range of 73% to 98%.

For ocean_cp, the number of loads decreases by approximately 10% for all
threads. However, the number of HITM events increases by 18% for two
threads and 4% for eight threads. For four threads, the number of HITM events
decreases by 0.3%. For this benchmark, we don’t observe significant improve-

ment for multiple threads.

We observe that the benchmarks in Table 4.2, apart from the ones described
above, show some difference in the performance impact when compiled with
all optimizations enabled as opposed to when compiled with a specific sub-
set of optimizations. Table 4.5 lists all the optimizations that don’t cause any
performance degradation for these benchmarks. It is not guaranteed that the
most effective combination of optimizations remains the same as the number
of threads increases. This is because increasing the number of threads affects

cache behavior, which can further affect the effectiveness of optimizations.

Adding the ’restrict’ keyword on function arguments based on Horizon+’s inferred
annotations. We analyzed the impact of adding “restrict” to the function argu-
ments based on Horizon+’s annotations. To safely insert “restrict”, we identified
the function arguments that were no-alias with all other pointers (not iden-
tified precisely by static analysis) based on the inferred annotations. At the IR
level, we realize “restrict” by attaching LLVM’s NoAlias attribute to the cor-
responding function arguments. It is worth noting that for all experiments, the
annotations were incorporated after function inlining, reducing the number of

function arguments available.
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Table 4.4: Effectiveness of Horizon+ (I" = # functions contributing to >95% of the
execution time and o = the overall program performance improvement. 7,,; =#
functions recommended for user-inspection with positive performance improve-
ment per-function, and o,,; = the corresponding program performance improve-
ment.).

Benchmark I'a Tpos! Upos
544 .nab_r 4/1.02 3/1.02
538.imagick r 4/1.17 1/1.4
505.mcf r 9/3.65 5/3.65
557 xz.r 6/2.1 3/2.8
525.x264 r 146/11.56 | 23/12.88
502.gccr 846/3.82 | 154/3.82
500.perlbench.r | 107/0.26 | 41/1.02
raytrace 6/34.35 3/34.34
radiosity 5/17.98 1/18.23

For all Polybench benchmarks, inlining reduced the code to a single remain-
ing function argument, limiting the scope of meaningful evaluation. For four
of the eight CPU SPEC 2017 benchmarks, the performance improvement was
in the 0-1% range, with a maximum of 0.92% for 500.perlbench_r. The
remaining four benchmarks exhibited performance degradation, with a maximum
of 1.12% for 557 .xz_r. For the multi-threaded SPLASH-2 benchmarks, only
two out of ten benchmarks reported performance degradations with a maximum
of ~1.3% for £ft (1 thread). Seven of the remaining eight benchmarks had
performance improvements in the 0-10% range, with only radiosity showing

an improvement of ~18.7% for 1 thread.

4.4.4 Feedback to the user

RQ3 Can Horizon+ precisely identify functions for performance improve-

ment when compiled using input-specific alias annotations?

The final phase of Horizon+ provides feedback to the user about functions that
have reported high improvement within the chosen benchmarks. The informa-
tion regarding the contribution of functions to execution times is obtained using
Gprof [91]. The benchmarks are compiled with the “-pg” option, first using

program annotations and then without them. The benchmarks are compiled with
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the most effective set of optimizations identified after annotating the IR. As
mentioned in section 4.3, the annotation inference phase infers annotations for
the functions contributing to more than 95% (including system libraries) of the
execution time when arranged in non-increasing order. We then analyze the
profiled files generated using Gprof by executing the benchmarks. The func-
tions with a positive improvement in the execution time are recommended to
the user in non-increasing order of the improvement reported for user annota-

tions for each benchmark.

Table 4.4 provides this information for the chosen benchmarks. The first column
of the table lists the benchmark names. The second column presents the number
of functions that contribute to more than 95% of the execution time along with
the overall potential for performance improvement. The third column presents
the number of functions recommended by Horizon+ for user annotations and
the corresponding percentage performance potential improvement. The reduc-
tion in the number of functions recommended for user inspection ranges from
25% (544 .nab.r) to 84% (525.x264_r). For the benchmarks (525 .x264_r,
500.perlbench_r, and 502.gcc_r) where a significant number of functions
contribute to more than 95% of the execution time, the reduction in the number

of functions recommended for user inspection ranges from 62% to 84%.

We observed that the performance improvement potential is nearly equal to the
optimal value « for five out of nine chosen benchmarks. For the remaining
four benchmarks, the reported performance improvement potential is better than
the optimal value o. As the recommended functions are the ones that report
a positive improvement potential, no further optimization is performed for the
functions which show a negative improvement potential (performance degrada-
tion). Thus, for such cases, the optimal performance improvement can be con-
sidered as @,y instead of a. The users can wisely pick a threshold for the per-
formance improvement potentials to limit the number of functions to annotate,

according to their own requirements. For example, if users are concerned about
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Table 4.5: Most effective combination of optimizations.

Benchmarks Combination
2mm, nussinov LICM
durbin, fdtd-2d, 500.perlbench_r DSE
lu_ncb GVN, DSE
gemm, radix LICM, LV
ludcmp, heat-3d, ocean_cp LICM, DSE
544 nab_r LV, DSE
mvt GVN, LV, SLP
gemver, gesummv, jacobi-2d, 502.gcc_r GVN, LV, DSE
water-nsquared GVN, SLP, DSE
3mm, bicg, adi, 538.imagick_r, 505.mcf_r GVN, LICM, DSE
557.xz.r LICM, LV, SLP
correlation, syr2k, trisolv, seidel-2d, fft LICM, SLP, DSE
atax, jacobi-1d, lu_cb GVN, LICM, LV, DSE
trmm, doitgen, 519.1bm_r, ocean_ncp GVN, LICM, SLP, DSE
barnes GVN, LV, SLP, DSE
covariance, gramschmidt, floyd-warshall, 525.x264 _r, radiosity | LICM, LV, SLP, DSE
symm, syrk, cholesky, lu, deriche, raytrace GVN, LICM, LV, SLP, DSE

safety, they can choose a high threshold value to minimize the trusted com-
puting base. If they are concerned about performance, they can pick a smaller

threshold value.

4.4.5 Optimization opportunities

RQ4 Which optimizations benefit the most from precise input-specific

alias information for the given program?

Table 4.5 lists the optimizations which contribute in achieving the best perfor-
mance for each benchmark, as reported in Table 4.2. We obtained this data by
executing the benchmarks with different set of optimizations enabled. Among
the optimizations, DSE and LICM appear most frequently, i.e. 42 and 36 out
of the total 47 benchmarks respectively, whereas LV and SLP appears least
frequently (24/47). All optimizations play a role in optimizing the four bench-
marks for which we observed around 10% or more performance improvement
(Table 4.2). In particular, DSE appears in all combinations for those bench-
marks, whereas SLP appears only in one case. GVN, LV, and LICM each

appear in three out of those four combinations. This trend continues across all
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Figure 4.8: Per-function performance impact and precision improvement poten-
tial (x-axis represents the functions resulted in performance and precision im-
provement potentials of more than 0.5% and 0% respectively and y-axis repre-
sents the improvement potentials in percentage.).

benchmarks for which we observe that on average about four optimizations ben-
efit from the availability of precise alias information. However, picking the right
set of optimizations is tricky for multiple threads. A set of optimizations that
works well for one thread might not be the best option for multiple threads,
when cache contention also comes in the picture. For example, in raytrace,
the set of optimizations that work for one and two threads is not the best
option for other threads. The improvement for one and two threads is better
when all optimizations are enabled (Table 4.3) whereas the other threads per-

forms better when the optimization LICM is disabled.

4.4.6 Relationship between performance impact and precision im-
provement potential

The idea behind the technique mentioned in the paper is that certain optimiza-

tion opportunities can be triggered if the precision of alias analysis is improved.

56



CHAPTER 4. IMPACT OF IMPROVED ALIAS ANALYSIS PRECISION

Table 4.6: Per-function performance vs precision improvement potentials for in-
dividual benchmarks (7 = Percentage increase in the total pointer pairs, o = Per-
centage increase in the no-alias and must-alias pointer pairs for the optimizations

and PIP = Performance improvement potential (in %).).

Function ToynlOGyN | TLicm!Oicm | TpselOpse TvloLy TsLplOsLp PIP
GetVirtualPixelsFromNexus 41.65/45.4 0/0 0/0 0/0 0/0 12.75
next_nonempty_voxel 128.39/51.77 | 1293.62/28.7 | 260/57.23 0/0 187.5/75 11.49
compute_diff_disc_formfactor 64.91/9.13 0/0 25.6/0.96 0/0 1255.18/0 11.48
ConvertPrimRayJobToRayMsg | 34.89/2.41 0/0 82.76/10.34 0/0 1250/0 7.96
get_mem4Dint 160/100 -33.34/100 0/50 616.67/23.26 0/0 6.02
next_nonempty_leaf 0/37.29 50/50 0/0 0/0 0/0 3.56
x264 pixel satd_8x4 28.79/49.42 | 496.97/59.59 1200/80 0/0 0/91.42 2.31
Izma_decode 60.82/16.47 -10/20 0/21.43 0/0 0/0 1.85
Izma_mf_bt4_find 206.58/54.76 | 665.39/16.93 | 23.08/36.53 0/0 0/0 1.25
price_out_impl 68.04/46.74 | 230.29/17.26 | 104.32/-5.7 | 2333.34/0 | -1.34/22.66 1.14
get_block_chroma 228.13/32.34 | 29.04/37.41 | -8.34/46.97 0/0 0/0 1.03
S_find_byclass 474.54/3.63 | 46.02/18.74 | 46.02/18.74 0/0 0/0 0.92
Perl _regexec_flags 923.31/-12.3 | 38.94/32.54 | 38.94/32.54 0/0 0/0 0.58

Therefore, it follows naturally that improvement in precision must be correlated

with improvement in the program’s performance.

We tried to statistically determine the correlation between precision improvement
potential and performance improvement potential for individual functions (con-
tributing to more than 95% of the execution time of the benchmark) belonging
to seven CPU SPEC 2017 and two SPLASH-2 benchmarks. The graph shown
in Figure 4.8 plots the performance and precision improvement potentials for
the functions that resulted in performance and precision improvement potentials
of more than 0.5% and 0% respectively. The x-axis of the graph represents the
function names and y-axis represents the improvement potentials in percentage.
Surprisingly, the correlation turned out to be insignificant. In other words, there

seems to be no direct dependence between the two factors.

We also investigated the per-function precision improvement potentials for in-
dividual optimizations relying on the alias analysis information. We com-
puted the percentage increase in the number of pointer pairs generated by the
optimizations and the percentage increase in the number of no-alias and

must-alias pointer pairs due to the annotations for individual functions. Ta-

ble 4.6 shows the data for individual optimizations for the functions reporting
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more than 0.5% and 0% performance and precision improvement potentials. The
number of pointer pairs generated by the optimizations might increase or de-
crease with respect to the native compilation when the annotations are used as
it depends on the number of precise pointer pairs answered to enable the op-
timization. We observe a positive correlation between the percentage increase
in the number of no-alias and must-alias pointer pairs for GVN optimization
and the performance improvement of individual functions. However, there is no
direct relationship observed between the estimates of precision and performance

improvement potentials for other optimizations.

This is observed that not every pointer pair answered precisely contributes
equally to the performance improvement of the program. Correct identification
of the alias relationships of some pointer pairs might result in triggering ef-
fective optimizations, resulting in performance improvement. In other cases, the
triggered optimizations might end up degrading the performance of the program.
It is observed that precision improvement for alias/no-alias identification within
a function scope doesn’t necessarily improve the performance of the function.
The conclusion that can be drawn is that the performance of a program de-
pends on the pointer pairs which enable optimizations that significantly benefit
the performance of the program. In most cases, we can expect optimizations to
improve the performance of a program, and this is indeed reflected at a higher
level when we look at the overall performance improvement potentials of the

benchmarks.

4.5 Threats to Validity

The study mainly faces external threats to validity. The choice of benchmarks
may influence the outcome of the study, if the benchmarks are not represen-
tative. However, to mitigate this threat, we have chosen benchmark suites that
have been commonly used in recent related work. Similarly, the choice of the
static analysis tool may influence the results. To counter this threat, we have

used LLVM, which is a popular compiler and static analysis platform. The de-
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fault alias analysis implementations as well as the optimizations provided by
LLVM are state-of-the-art and highly scalable. Therefore, we believe that our

results can be generalized to other static analysis tools and benchmarks.

Our approach also faces an internal threat to validity due to dynamically in-
ferred non-aliasing annotations derived from a finite set of inputs. These anno-
tations may not hold for all executions and are not intended to provide sound
guarantees, which may lead to miscompilations if applied beyond the profiled
inputs. While prior work on “soundy” program analyses [101] explores trading
soundness for scalability and practical utility, their goal is to develop analyses
that remain usable in practice despite limited guarantees. In contrast, our goal
is fundamentally different, we do not aim to provide a generally applicable or
deployable optimization technique, but rather to estimate the maximum achiev-
able performance for a given input. We therefore expect users to profile with
representative inputs and manually apply annotations only when correctness can

be guaranteed.

4.6 Summary

This chapter presented a profiling-based approach to estimate the upper bound
on the improvement potential when alias analysis precision is increased. The
approach dynamically infers alias annotations by executing the program and in-
corporates them into the intermediate representation to expose missed optimiza-
tion opportunities. These annotations serve as feedback to the user, highlighting
functions that significantly contribute to performance improvements and identify-
ing the most influenced optimizations. Based on this feedback, developers can
choose to either improve the underlying alias analysis implementation or se-
lectively annotate the program to enable critical optimizations. Our evaluation
showed that the precision improvement potential of LLVM’s default alias analy-
sis ranged from 0% to 33%, while the corresponding performance gains reached
up to 53% for the provided input test cases. These results reveal considerable

scope for improvement, particularly by enhancing interprocedural alias informa-
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tion. Notably, several benchmarks saw significant benefits from loop-level opti-

mizations enabled by more precise alias information.

Future work includes incorporating interprocedural alias information in a scal-
able manner to further enhance precision without compromising performance.
This could enable additional loop-level optimizations that are currently missed
due to conservative analysis. Another promising direction is to extend the ap-

proach for input-agnostic annotation inference.
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Chapter 5

An Alignment-Based Allocator

Static alias analysis in production compilers is typically intra-procedural and
conservative, limiting its ability to disambiguate pointers across function bound-
aries. As a result, compilers often miss optimization opportunities. Existing
techniques [24,25,102] and production compilers like GCC and LLVM [26,27]
implement loop-versioning with dynamic checks for overlapping memory ac-
cesses within a loop, due to the limitations of static alias analysis. The loop
version without overlapping accesses can be further optimized by the loop trans-

formation passes.

The polyhedral model [71-73] and symbolic range analysis [74-76] can com-
pute an O(1) dynamic range check to disambiguate the memory regions ac-
cessed within a loop. These checks are placed outside the loop and used as
a condition for loop-versioning. These techniques can disambiguate memory re-
gions even if they belong to the same array. The polyhedral analysis requires
loop bounds and all data access functions to be affine combinations of loop
induction variables and loop invariants [24,71]. Symbolic range analysis can
additionally handle non-affine accesses within a loop; however, polyhedral anal-

ysis is more precise when both techniques can be applied to a loop [24].

Both polyhedral analysis and symbolic range analysis require:
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1. Loop bounds to be loop invariants, and

2. Loop that iterates using an affine induction variable.

The existing implementation of the LLVM compiler also uses loop-versioning
and O(1) dynamic checks to improve program performance by disambiguating
pointers at runtime. However, it also requires loops to satisfy the conditions
mentioned above. The LLVM compiler uses scalar evolution analysis [77,78] to

compute the loop bounds and affine memory accesses within a loop.

Consider the following example:

void foo(int =*a, int #*b, int +*c, int =*size) {
for (int 1 = 0; 1 < *size; i++)

ali] = bl[i] + c[i];

In the function foo, the upper bound of the loop (i.e., xsize) is not a loop
invariant, because it can overlap with the array a, which is being updated in
the loop. Thus, neither polyhedral analysis nor symbolic range analysis can

insert a dynamic check to disambiguate the array accesses within the loop.

For such loops, Alves et al. [24] propose another technique, namely a purely
dynamic analysis that uses dynamic checks to infer if the memory accesses are
performed on different memory allocations. If so, they safely conclude that the
memory accesses do not overlap, assuming that the behavior of out-of-bounds
object accesses is undefined. Thus, this technique does not add any constraint

on the array indices used to access the memory inside the loop.
The key idea in this scheme is to attach a unique tag to every object during

allocation. At runtime, a red-black tree lookup is used to compute the starting

address of the object from an internal address. The starting address also serves
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as a unique tag for the object. Two pointer addresses never overlap if the

starting addresses of the corresponding objects (or tags) are different.

The cost of these checks is logarithmic in terms of the number of live memory
allocations (O(log n) where n represents the number of live memory alloca-
tions). Such high overheads for dynamic checks make it unsuitable for large
applications. Our work is motivated by the purely dynamic approach suggested
by Alves et al. [24]. However, our focus is on minimizing the overheads in-
troduced by the dynamic checks that would make the approach practical for

real-world applications.

We would also like to argue that such code patterns, in which the loop bounds
are not loop invariants, are not uncommon. In Figure 5.6, we have listed some
code patterns from the CPU SPEC 2017 benchmark suite that show more than
20% improvement with our technique. Thus, optimizing these loops is a signif-

icant problem that needs to be addressed.

This work focuses on reducing the overhead of dynamic checks for loops on
which polyhedral or symbolic range analysis cannot be applied. Our approach,
encapsulated in a tool called SCOUT, performs dynamic checks for these loops
in O(1). The key idea is to constrain the size and alignment during memory al-
locations so that SCOUT can disambiguate two pointers in just one memory ac-
cess. Our approach is inspired by classic buddy allocators [103], which enforce
size and alignment-based organization of memory through efficient splitting and
merging of objects. Similar design principles have also been employed in mem-
ory safety systems such as Baggy Bounds Checking [104], where aligned, size-
controlled regions are used to enforce spatial safety. In contrast, we leverage
these ideas solely for fast pointer disambiguation rather than for ensuring mem-
ory safety. This design choice also enables very efficient runtime checks. The

overheads of our checks are considerably lower than the O(logn) [24].
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ScouT implements loop-versioning for an already optimized loop, with runtime
checks for disambiguation of arrays accessed within the loop. The loop trans-
formations are performed on the loop version in which the array accesses do
not overlap. If the additional non-overlapping information actually enables some
optimization, SCOUT keeps both versions of the loop; otherwise, it rolls back
to the original code. At runtime, if a disambiguation check fails, execution
transfers to the original unoptimized loop version. Furthermore, dynamic checks
for disambiguation are added only for those array accesses that are needed to
enable the loop transformation. SCOUT statically analyzes the transformed and

original loops to identify the checks required for the transformation.

The potential benefits of our loop-versioning algorithm cannot be inferred solely
at compile time because they further depend on the path taken at runtime and
the number of loop iterations. Additionally, SCOUT uses a runtime profiler to
identify loops for which the cost of dynamic checks is higher than the benefits

of loop transformation. SCOUT disables loop-versioning for such loops.

We integrated SCOUT with LLVM by implementing a new pass in the LLVM

compilation infrastructure. We evaluated our technique using the Polybench and

CPU SPEC 2017 benchmark suites.

This work makes the following contributions:

1. An efficient technique that allows the compiler to explore more optimiza-
tion opportunities based on alias analysis. Our novel technique com-
bines loop-versioning with constant-time dynamic checks, explained in
Section 5.2, to disambiguate memory accesses. The dynamic checks are
performed using a custom allocator, which is presented in Section 5.2.2.
The technique further uses a feedback mechanism to reduce the number
of dynamic checks, explained in Section 5.2.

2. Implementation and integration of our technique with LLVM.
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3. Estimation of the performance benefits for the Polybench and CPU SPEC

2017 benchmark suites.

5.1 Motivating example

In this section, we discuss an example to motivate our technique. Consider the
code snippet shown in Figure 5.1a, which adds the elements of arrays b and c,
storing the result in array a. The compiler can vectorize this loop if it knows
for certain that b, c, and size do not overlap with a. Line 10 in Figure 5.1b
shows the vectorized loop body, where *‘i:i+3’’ denotes four operations at
indices i, i+1, i+2, 1i+3 performed in parallel, replacing the single scalar
operation at line 17. If array a overlaps with b, c, or size, parallel execution
may yield incorrect results. In this case, the alias relationships depend on the
values passed by the caller and cannot be resolved through intraprocedural alias

analysis.

As discussed earlier, polyhedral, symbolic range, and scalar evolution analyses
require the loop bounds to be loop invariants, which is not true in this example.
Therefore, in addition to SCOUT, the pointer disambiguation technique in Alves

et al. [24] can be used to version this loop.

SCcoOuUT inserts dynamic checks to rule out the possibility of overlapping be-
tween a, b, c and size. The dynamic checks ensure that memory accesses
using a, b, c and size belong to different objects, and thus they cannot
overlap no matter what the value of i is at runtime. For fast dynamic checks,
ScouT sets the allocation size and the alignment of an object during the allo-
cation to the nearest 2X, where 2X >= allocation size. This design can
introduce additional memory overhead due to internal fragmentation caused by
rounding allocation sizes to the nearest 2K. however, this tradeoff enables fast
constant-time dynamic checks. The objects are allocated from segments. All ob-
jects on a segment are of the same size, which is a power of two. The starting

address of a segment is always aligned to 4GB. The object size for a segment
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void foo(int *a, int =*b, void foo(int =*a, int b,
int *c, int =*size) { int *c, int xsize) {
1. for(int i = 0; 3. size_t s
1 < xsize; i++) = GetObjectSize (a);
2. ali] = bli] + cl[i]; 4, if (IsNoAlias(a, b, s) &&
} 5. IsNoAlias(a, c, s) &&
6. IsNoAlias(a, size, s)) {
7. int t = *size;
8. int i;
9. for (i = 0; i+3 < t;
1 = 1+4)
10. ali:i+3]
= b[i1:1+3] + c[i1i:1+3];
11.
12. for (; i < t; i++)
13. ali] = bl[i] + c[i];
14. }
15. else {

16. for(int i = 0;

i < *xsize; i++)
17. ali] = bli] + c[i];
18. }

The original code.
(a) The original code (b) The transformed code using SCOUT.

Figure 5.1: An example to demonstrate the overview of SCOUT. SCOUT inserts
dynamic checks to rule out the possibility of overlapping between a, b, ¢ and
size. The compiler could vectorize the loop in the scope in which memory ac-
cesses do not overlap.

is stored on the top of the segment. We discuss the structure of a segment in
more detail in Section 5.2.2 using Figure 5.3. The starting address of a seg-
ment can be computed using just an “and” operation from any internal address
of the segment using the alignment property of the segment. Two objects can
overlap if and only if they belong to the same segment. We can check if two
objects on a segment overlap using an “xor” operation and compare it with
the object size of the segment. To check non-overlapping (non-aliasing) of two
pointer addresses, we first need to compute the object size of the first pointer
(at line-3). The GetObjectSize routine uses the alignment property of the
segment to compute the size in just one memory access. Once we know the

size, it is passed to the IsNoAlias routine, which takes two pointers and the
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object size of first pointer as input and returns true if the pointers point to

different objects. This routine does not access any memory.

SCcOUT adds dynamic alias checks for every read-write and write-write pointer
pair because the static alias analysis returns may-alias for each of these queries.
ScouT inserts additional metadata in the if-block such that the compiler can
treat each of these pointer pairs (in the if-block) as no-alias during the trans-
formation passes. After this, SCOUT performs loop transformation optimizations
for the loop in the if-block. With the additional non-aliasing information, the
compiler can now vectorize the loop in the if-block, as shown in Figure 5.1b.
At line-10, the syntax “i:i+3” is used to denote that four parallel writes at in-
dices i, i+1, i+2, i+3 are performed using a single instruction. If the compiler
cannot transform the loop with the additional non-aliasing information in the

if-block, SCOUT restores the original code.

Unlike LV, other optimizations, i.e., LICM, DSE, and GVN, do not require
checks for every read-write and write-write pair. For example, if a load LD is
moved outside the loop, we need to check that LD does not overlap with the
writes present in the loop. Let us consider that instead of vectorizing the loop,
the loop transformation pass in Figure 5.1b only moves *size outside the loop
(at line-7). In this case, we need to check that ‘‘size’’ and ‘‘a’’ do not
overlap instead of adding three checks as in the case of vectorization. SCOUT
statically analyzes the original and transformed loop in the if-block and adds

only those checks needed for the transformation.
Finally, it is possible that the optimized path is rarely taken at runtime, or the

overhead of the runtime checks is more than the benefit of the loop transfor-

mation. SCOUT uses a profiler to disable loop-versioning for such loops.
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Figure 5.2: Architecture of SCOUT.

5.2 Scourt

Figure 5.2 shows the architecture of SCOUT. SCOUT works on the input pro-
gram’s intermediate representation (IR). It performs versioning for an already
optimized loop with checks for non-aliasing (non-overlapping) memory accesses
within the loop. Loop transformation optimizations are performed on the non-
aliasing version of the loop. If the loop is not transformed, it is discarded;
otherwise, dynamic checks to detect non-aliasing memory accesses are inserted
into the program. The transformed program is sent to the compiler to generate
the final executable. At runtime, a custom memory allocator is linked to the
executable generated by SCOUT. We will now discuss our approach in detail in

the rest of this section.

5.2.1 Loop-versioning

Algorithm 1 shows the steps followed by SCOUT to perform loop-versioning.
The algorithm takes a function IR F and a loop L as arguments. This algo-
rithm is performed after all loop transformations except vectorization have been
performed on L. The reason is that it is hard to optimize an already vectorized

loop with additional non-overlapping information. However, the additional non-
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aliasing information enables further transformations in a non-vectorized loop.

Vectorization is later performed on the transformed loop.

Input: Function F,Loop L
Result: Transformed/Untransformed Loop
1 begin
2 IsVectorizableBe fore < isVectorizable(L);
3 NL «+ cloneLoopWithDummyCheck(L);
4 insertNoAliasRelation(NL);
s | RunLICM(NL);
6 RunGVN(F);
7 RunDSE (F);
8 IsVectorizableA fter < isVectorizable(NL);
9 if isLoopTrans formed(L,NL) or
(not IsVectorizableBe fore and IsVectorizableA fter) then

10 identifyDynamicChecks(L,NL);

11 insertDynamicChecks(L,NL);

12 removeNoAliasRelation(NL);

13 else

14 ‘ removeLoopAndDummyCheck(NL);
15 end

16 end

Algorithm 1: Loop-versioning algorithm of SCOUT.

At line-3, the algorithm creates a copy of the original loop and inserts a
dummy check for non-aliasing. We refer to the versioned loop as NL in this
section. At line-4, it inserts no—alias metadata in the non-overlapping version
of the loop. The compiler can use no-alias metadata to infer that two mem-
ory accesses do not overlap. The no-alias metadata is added for only those
pointer pairs whose bases are loop invariants, and it is safe to access at least
one of them inside the loop’s preheader. It then performs LICM, GVN, and
DSE optimizations (from line-5 to line-7) on the non-overlapping version of the
loop (i.e., NL). The isVectorizable routine at line-2 and line-8 does not
vectorize the loop. It only checks that, at this point, the compiler can vectorize

this loop if needed.

ScourT takes feedback from static optimizations and decides whether the loop

was optimized or not. The versioned loop (NL) is considered to be optimized

if:
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1. Any of the loop transformation optimizations has transformed NL or,

2. L cannot be vectorized, but NI can be vectorized.

If the loop transformation optimizations do not optimize NL, then NL and the
dummy checks are removed at line-14. Otherwise, actual dynamic checks are
inserted to check the non-overlapping of memory accesses within the loop.
Based on the feedback from static optimizations, SCOUT identifies the dynamic
checks that need to be inserted to check the non-overlapping of memory ac-
cesses within the loop. These dynamic checks are chosen based on the follow-

ing cases:

Case 1: If L is not vectorizable, but NL can be vectorized, insert dynamic
checks for the base pairs of all possible pairs of the read-write and write-write

memory accesses present in the loop body.

Case 2: If case-1 is not true, for every read memory access R, which is either
moved outside of the loop body or removed from the loop body, insert dynamic
checks for the base pairs of R and all write memory accesses present in the

loop body.

Case 3: If case-1 is not true, for every write memory access W, which is
either moved outside of the loop body or removed from the loop body, insert
dynamic checks for the base pairs of W and all other (read/write) memory

accesses present in the loop body.

For the identified base pointer pairs, the dynamic checks (Section 5.2.3) are in-
strumented (at line-11). At line-12, the loop-versioning algorithm removes
no—-alias metadata for pointer pairs for which the dynamic checks were not

added in the previous step.
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Figure 5.3: Structure of a Segment.

5.2.2 Custom Allocator

The allocator maintains a list of segments. A segment is a 4GB (configurable
at compile time) contiguous virtual address space as shown in Figure 5.3. The
starting address of a segment is a 4GB aligned address. The segment is further
divided into fixed-size slots. The size of the slot is 2X, where K is fixed for
a given segment. The starting address of the slot is aligned to 2X. Objects
of different sizes are allocated from different segments. A slot is returned to
the caller for each allocation from a segment. The first few slots of a segment
are reserved for the metadata. Metadata includes a bitmap to keep track of
free slots—the first eight bytes of a segment store the size of the slots of that
segment. At runtime, SCOUT reads the first eight bytes in the segment header

to determine the object’s size.

5.2.3 Dynamic Checks for Non-overlapping

The dynamic check for the non-overlapping property for a pointer pair (Pl1,
P2) is performed in two steps. In the first step, SCOUT computes the size of
pointer P1, which involves memory access. In the second step, SCOUT checks

the non-overlapping of P1 and P2 without memory access.
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#define SEGMENT_SIZE (1ULL << 32)
size_t GetObjectSize(void *Ptr) {
Segment *S = (Segmentx) ((size_t)Ptr & ~ (SEGMENT_SIZE-1));
if (S == DATA_SECTION_SEGMENT)
return MAX_VIRTUAL_ADDR;
return S—->SlotSize;

}

bool IsNoAlias (void xP1l, void *P2, size_t Size) {
return xor((size_t)P1l, (size_t)P2) >= Size;

}

Figure 5.4: Dynamic check to determine if a pair of pointers do not overlap. The
GetObjectSize routine returns the object size from a pointer address. It uses
the alignment property of the segment to read the size of the slot that is stored
on the first eight bytes of a segment. The IsNoA1lias routine takes two pointer
arguments and the object size of one of the arguments and returns true if the
input pointers point to different objects.

Size computation. The size computation is done using GetObjectSize in
Figure 5.4. SCOUT computes the address of the segment by resetting the last
32-bits of the address (note that the starting address of a segment is aligned to
4GB). If the segment address is equal to the segment corresponding to the data
section, then the pointer is a global variable. In this case, GetObjectSize
returns the maximum virtual address available on the host platform. Notice that
the global variables are not allocated from the segment, and thus we cannot
compute their sizes at runtime. The size computation logic for stack allocation
i1s discussed in Section 5.3. The first eight bytes on the segment store the
size of the slot (Section 5.2.2), represented using the SlotSize field in the
pseudo-code. The size of the slot is the size of the object, which is returned

to the caller.

Check for non-overlapping. The IsNoAlias routine in Figure 5.4 takes two
pointers and the size of one of these pointers as an argument. It returns true
if the pointer arguments belong to different objects. Because of the property
of a segment, if two objects are of a different size, they belong to different
segments. In this case, the ‘‘xor’’ of two addresses would be more than

or equal to the size of the segment. Two objects can only overlap if they
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belong to the same segment; in that case, if the *‘xor’’ of two addresses is
equal to or greater than the size of the slot, they cannot overlap (because of
the alignment property of the slots). However, being in the same segment does
not imply aliasing. The objects are still placed in distinct, non-overlapping slots
unless their address ranges intersect. Notice that in the case of global variables,
the object size is equal to the maximum virtual address on a 64-bit platform (as
returned by the GetObjectSize routine). Due to this, IsNoAlias considers

two global variables as may-aliases.

5.2.4 Profiler

The performance benefits of our approach can only be determined at the time
of execution as they depend on the number of times the optimized loops are
executed. One way of obtaining this information is by executing the program
with a profiler. This leads us to the implementation of a profiler for SCOUT to
maximize the benefits. This profiler identifies loops that improve the program’s

overall performance by executing them.

In the presence of the profiler, SCOUT works in two phases. In the first phase,
the program is instrumented to collect the execution times of loops using the
rdtsc instruction [105] by executing it on a given set of inputs for both versions
of the loop. In the second phase, SCOUT uses the generated profile files to
identify the transformed loops that improved the program’s overall performance.
These loops are identified based on different thresholds such as 10, 20, and
30, representing the percentage improvement in the execution time of the loop.

ScouT then performs versioning only for these loops.

5.3 Implementation

We implemented SCOUT as a part of the LLVM infrastructure (v10.0.0). We
have added a pass to LLVM that follows the approach discussed in Section 5.2.
We have integrated our pass with the Clang O3 optimization level, and it runs

by default with the O3 option. The pass can be disabled using the option
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disable-additional-vectorize. We extended the widely used production allocator

JEMALLOC-5.2.1 to implement our segment-based allocator.

JEMALLOC. JEMALLOC is a high-performance memory allocator designed
for scalability and low fragmentation, widely adopted in multi-threaded and
memory-intensive applications. It functions primarily as a buddy allocator, or-
ganizing memory into size-based buckets to efficiently handle allocation
requests of varying sizes. For each bucket size, JEMALLOC allocates a large
contiguous memory region, called an extent, using the mmap API, and di-
vides it into fixed-size slots. These slots are cached and served during alloca-
tion to reduce overhead and latency. To minimize contention and enhance paral-
lel performance, JEMALLOC uses per-thread caches, allowing threads to manage

memory independently without frequent global synchronization.

We leveraged the caching framework of JEMALLOC and modified the extent
allocation logic to use the segments (Section 5.2.2) instead of mmap. For an
extent that is used to serve the objects of size 2K we allocate the extent from
a segment that is used to allocate objects of size 2X. We also ensure that an

extent is not recycled for a different bucket size.

Extending the size to 2X may create fragmentation issues, especially for large
objects. JEMALLOC uses a bucket-based allocation strategy for small objects;
because of that, the additional fragmentation caused by our technique is re-
duced. We found that the bucket (or class) sizes used by the JEMALLOC are
not always 2X. The bucket sizes used by JEMALLOC in bytes are 8, 16, 32,
48, 64, 80, 96, 112, 128, 160, and so on. For large objects, our fragmentation
issue could be severe. For example, imagine a scenario where we need to al-
locate 2GB of memory for an allocation request for the size “1GB + 1Byte”.
To mitigate this issue, for object size larger than 2'4, we map physical pages
that are actually needed for the allocation. For example, in the case of “1GB

+ 1Byte”, we map the physical pages corresponding to “IGB + 4096Bytes”,
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where 4096 is the page size. The virtual address reserved for a memory al-
location is always 2X. The average memory overhead of our scheme for CPU

SPEC 2017 benchmarks is 7.47%, as discussed in Section 5.4.

An alias query can also be made for the stack objects at runtime. In most
cases, the compiler can statically tell whether a stack object does not alias with
another object. However, if a stack address escapes from the static scope, i.e.,
1) stored in memory, 2) passed to a routine, or 3) cast to an integer, the
compiler may not identify the stack object uniquely. For these cases, we tried
replacing the stack allocations with malloc and free. However, the overhead
of this approach is very high. To reduce the overheads, we used custom per-
thread bump allocators for bucket sizes (in bytes) 8, 16, 32, ..., and 1024. In
this setting, for objects larger than 1024, malloc and free are used. The
bump allocators use segments with slot sizes equal to the bucket sizes of the
bump allocators. Even with the bump allocators, the overheads are high for
some benchmarks. To reduce the overheads further, we switch to a new stack
during the main routine. The new stack is allocated from a segment for which
the slot size is 64. If the size of an escaping stack object X is less or equal
to 64, we set the alignment of X to 64. Due to this, at runtime, if the size
of X is queried using the GetObjectSize (see Section 5.2.3) API, it will
correctly return 64. If the object size is more than 64, we use per-thread bump
allocators as discussed before. For multi-threading, SCOUT inserts a custom
wrapper around calls to pthread.create. In the wrapper code, it allocates
a 64-bit aligned stack from the segment and uses pthread attr_setstack
to set the new stack for the target thread. We discuss the overheads of our

allocator in detail in Section 5.4.

Some library functions, such as __ctype b_loc, __ctype_toupper_loc, etc.,
return its internal addresses that may not belong to a valid segment. SCOUT
adds wrappers for these routines. The wrappers allocate a new object, copy

contents from the library’s object to the new object, and return the allocated
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address to the caller. If the contents of libraries internal object never change
(e.g., an internal array is used by the library for character classification func-
tions such as isalpha, isspace, etc. that are not updated post-initialization),
the new object is cached and reused during the subsequent use of the library

function.

Embedding non-aliasing information. = SCOUT inserts the non-aliasing infor-
mation to the loop body with non-overlapping memory accesses. The com-
piler uses the non-aliasing information to check if two memory accesses do not
alias statically. This information is incorporated using the alias.scope and
noalias metadata of LLVM [93]. It specifies that the two pointers do not
alias each other. This metadata can only be attached to memory instructions

like load and store.

Because the array bases corresponding to memory accesses in the loop
may not necessarily be memory instructions, SCOUT inserts a custom intrin-
sic [106] to the program to specify the no-alias relationships between
the base pairs of the pointers. Our custom LLVM intrinsic is known as
llvm.custom.noalias. This intrinsic holds a pair of pointers as arguments.
The pair of pointers present in the custom intrinsic are treated as no-alias
with each other. These pointer pairs are wrapped in the form of LLVM’s
metadata nodes. Sample usage of the intrinsic is shown below:

call void @llvm.custom.noalias (metadata DATA_TYPE %a,
metadata DATA_TYPE %b)

where metadata represents the LLVM’s metadata node, DATA_TYPE repre-
sents the type of the pointer, %a and %b represent base pointers.

We also modified the static alias analysis algorithm to use our intrinsic. Sup-
pose the original static alias algorithm cannot find the alias relationship between
a pointer pair (P1, P2) at a given point. In that case, our modified algorithm
additionally checks the presence of our custom intrinsic in the current or an

outer scope with bases of P1 and P2 as operands. If it exists, the alias analy-
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sis algorithm treats the pointer pair as no-alias.

Profiler. The profiler implemented in SCOUT generates two types of profile
files in the first phase. The first file is generated to obtain the time taken
statistics for loops when the program is executed, disabling our approach using
the options execute-unoptimized-path and get-time-stats together. The second file
is generated to obtain the time taken statistics for loops when the program is
executed with our approach using the option get-time-stats. The profiler uses
the generated profile files in the second phase to identify loops that benefited
the program’s overall performance for different thresholds. This can be done
by specifying the options allow-ben-loops and ben-loop-threshold together. The
user can specify different thresholds (in percentage) using the option ben-loop-

threshold. The default value of the threshold is set to 0%.

Optimizing dynamic checks. SCOUT implements loop-versioning algorithm (Al-
gorithm 1) for the innermost loops, which is consistent with the LLVM policy
of vectorizing only the innermost loops. SCOUT moves the logic to generate
the condition for the dynamic check to the preheader of an outer loop if it is
safe to access the base address (for obtaining the size) in the preheader of the
outer loop. To identify if a base pointer is safe to access at point P, SCoOUT
statically checks if a pointer derived from the base pointer is guaranteed to be

accessed if the execution reaches P.

5.4 Evaluation

We evaluated ScoUT using 30 Polybench (version 4.2.1) and 16 C and C++
benchmarks available as a part of Intrate and FPrate suites CPU SPEC 2017
[95,107] benchmarks. For Polybench, we used the default input set, and for
CPU SPEC 2017, we used the reference input set. We compiled all the bench-
marks with the O3 optimization level. We performed the experiments on a
3.60GHz Intel(R) Core(TM) i19-9900K CPU 8 core machine with an x86_64
architecture and 32 GB primary memory, which uses a 64-bit Ubuntu 20.04.2
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LTS operating system. We disabled hyper-threading during our experiments. We
considered the arithmetic means of the execution time for five runs of each
benchmark. We also report geometric means. The geometric mean is computed
using multiplicative scaling factors instead of signed percentages. Hence, over-
head values are first converted to factors (e.g., 8% = 1.08, -10% = 0.9), the
geometric mean is computed on these factors, and the result is converted back

to percentage form.

5.4.1 Memory and CPU Time Overhead of the Custom Allocator

Table 5.1 shows the memory and CPU time overheads of the CPU SPEC 2017
benchmarks. Column-2 and Column-5 show the memory and CPU overhead of
the custom allocator with respect to the native JEMALLOC allocator, respec-
tively. Column-3 and Column-6 show the memory and CPU overhead of the
bump allocator with respect to the native JEMALLOC allocator. Column-4 and
Column-7 show the memory and CPU overheads of replacing stack allocations
with calls to malloc and free when the stack objects go out of scope with

respect to the native JEMALLOC allocator.

We used the “Maximum resident set size” reported by the *“/usr/bin/time -v”
command for memory overheads. The memory overhead of our custom alloca-
tor is in the range -2.29% to 34.89% for CPU SPEC 2017 benchmarks (Ta-
ble 5.1, column-2). The memory overhead of povray_r is high, as the peak
memory consumption for this benchmark is only 8.4 MB. The major memory
overhead comes from our custom stack and the page-table pages corresponding
to segments. For other benchmarks, the memory overhead is always less than

20%. The geometric mean of memory overhead is 7.47%.

The CPU time overhead of our modified allocator is in the range of -2.57% to
8.36% for CPU SPEC 2017 benchmarks (Table 5.1, column-5). The percentage
change in the execution time of the custom allocator w.r.t. the native allocator

represents the CPU time overhead. In our design, the objects (an extent in the
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Table 5.1: Memory and CPU overhead for CPU SPEC 2017 benchmarks. (MC
= Memory overhead of using custom allocator w.r.t. to native JEMALLOC alloca-
tor, MB = Memory overhead of using bump allocator w.r.t. to native JEMALLOC
allocator, MM = Memory overhead of replacing stack alloactions with calls to
malloc and free when the stack objects go out of scope w.r.t. to native
JEMALLOC allocator, CC = CPU overhead of using custom allocator w.r.t. to
native JEMALLOC allocator, CB = CPU overhead of using bump allocator w.r.t. to
native JEMALLOC allocator, CM = CPU overhead replacing stack alloactions with
calls to malloc and free when the stack objects go out of scope w.r.t. to native
JEMALLOC allocator. The values indicate percentages.)

MO CO
Benchmark | MC | MB | MM | CC CB CM
namd_r -229 | -2.22 | -2.09 0 0.51 0.51
parest_r 11.72 | 11.79 | 8.06 | 043 | 1.15 1.51
Ibm_r 0.02 | 0.03 | 0.02 | -0.61 | -0.25 | -0.25
imagick _r -0.33 | -0.32 | -028 | 1.4 | 0.37 | 2998
nab_r 1758 | 17.6 | 17.56 | 1.54 | 0.73 0.55
perlbenchr | 6.53 | 6.46 | 598 | 0.33 | 8.55 | 594.75
gce.r 6.15 | 5.67 | 3.72 | -0.98 | 1.22 | 168.86
mcf_r 0.01 | 0.01 | 0.03 | -2.15 | -2.07 | -1.61

omnetpp_r 16.72 | 16.81 | 16.79 | 8.36 | 14.08 | 212.29
xalancbmk_r | 19.97 | 1999 | 19.99 | 3.05 | 3.36 | 189.64

x264 0.06 | 0.08 | 0.04 | -2.36 | -1.93 | 22.46
deepsjeng.r | 0.08 | 0.06 | 0.08 | 1.64 | 2.41 | 77.89
leela_r 10.02 | 9.89 | 10.59 | 1.31 | 3.56 | 67.86
XZ_1 0.05 | 0.06 | 0.06 | 0.61 | 4.43 4.36

povray _r 34.89 | 36.79 | 33.18 | 7.5 | 11.87 | 378.53
blender_r 5.2 525 | 5.21 | -2.57 | 1.78 | 55.82
GM 747 | 754 | 7.03 | 1.05 | 3.01 | 72.75

case of JEMALLOC) from buckets of large sizes cannot be recycled for buckets
of smaller sizes. But this is not true for the unmodified allocator. Because
of this, the behavior of the per-thread caches is different in both runs. Using
better allocation tuning can minimize this problem. We plan to investigate this
in the future. Nevertheless, only three out of the 16 benchmarks incur CPU
time overheads above 3%. With the usage of custom per-thread bump allocators
(discussed in Section 5.3), the CPU overhead for three benchmarks (LoC >
300K), namely, perlbench_r, gcc_r, and parest_r, is either negative or
less. The geometric mean of CPU time overhead is 1.05%. The CPU overhead

lies in the range of -2.07% to 14.08%, when we use bump allocator instead of
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Table 5.2: Memory and CPU time overhead for Polybench benchmarks. We re-
port the benchmarks that resulted in the absolute CPU overhead of more than
1%. (MD = Memory overhead of custom allocator w.r.t. native JEMALLOC allo-
cator when compiled using the default size of memory allocations, MA = Memory
overhead of custom allocator w.r.t. native JEMALLOC allocator when the size of
the memory allocations is aligned to 2%, CD = CPU overhead of custom allocator
w.r.t. native JEMALLOC allocator when compiled using the default size of mem-
ory allocations, CA = CPU overhead of custom allocator w.r.t. native JEMALLOC
allocator when the size of the memory allocations is aligned to 2X. The values
indicate percentages.)

MO CO
Benchmark | MD | MA | CD | CA
gemm 0.1 | 04 | 53 |0.02
symm -0.04 | 0.33 | 2.01 | 1.22
doitgen 0.26 | 041 | -2.55 | 0.04
jacobi-2d 0.17 | 0.7 | -1.45 | 0.01

custom stack (Table 5.1, column-6), as discussed in Section 5.3. However, the
CPU overhead of replacing stack allocations with calls to malloc and free
is considerably high for these benchmarks (Table 5.1, column-7). To reduce
this overhead, we use the bump allocator and the custom stack as discussed in

Section 5.3.

Table 5.2 presents the memory and CPU time overheads for the Polybench
benchmarks for which the absolute CPU overhead is more than 1%. The mem-
ory overhead of our custom allocator lies in the range of -0.41% to 0.72% with
a geometric mean of 0.13%. The CPU overhead of our custom allocator lies in

the range of -2.55% to 5.3%, with a geometric mean of 0.21%.

In the case of gemm, doitgen, and jacobi-2d, our custom allocator either
performs better or worsens the performance as compared to the native allocator.
This is due to the fact that our custom allocator aligns the memory allocations
to 2K, To verify this, we performed another experiment, in which we align
the sizes of the memory allocations to 2X in the source code itself. We ob-
served negligible overheads in that case for these three benchmarks. However,

we observed a CPU time overhead of 1.22% (Table 5.2, column-5) for symm
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Table 5.3: Performance benefits for Polybench without profiler. We report six
benchmarks that resulted in performance benefits of more than 3%. (#L, = Total
number of versioned loops by SCOUT, P, = Performance benefits when compiled
with SCOUT, P, = Performance benefits when compiled with the restrict key-
word, V. = Variance of the execution time when compiled with the custom alloca-
tor, Vi = Variance of the execution time when compiled with the custom allocator
and SCOUT. Performance-benefit numbers represent percentages.)

Benchmark | #L, | P, P, Ve Vs

gesummy 1 |49.37 | 48.42 | 0.00000001 | 0.00000001
2mm 2 4.22 4.1 | 0.00025563 | 0.00015497
3mm 3 428 | 4.03 | 0.00017649 | 0.00009542
bicg 1 | 51.11 | 51.01 | 0.00000001 | 0.00000001
doitgen 2 10.2 | 11.11 | 0.00000132 | 0.00000334
jacobi-1d 2 11.8 | -1.11 | 0.00000001 | 0.00000001

even when the sizes are aligned to 2X. We found that this benchmark is doing
three large allocations. We believe the overhead is mainly due to the different
allocation strategies used for the large objects. The memory overhead for this
benchmark is -0.04% (Table 5.2, column-2). If we use 2K aligned sizes, the

memory overhead is 0.33% (Table 5.2, column-3).

Overall, these results demonstrate that the custom allocator incurs low CPU
overhead for most benchmarks (1.05% geometric mean for CPU SPEC 2017
and 0.21% for Polybench), while maintaining reasonable memory overhead
(7.47% and 0.13% geometric means for CPU SPEC 2017 and Polybench, re-
spectively). These results indicate that the allocator overhead is manageable for

many large-scale applications.

5.4.2 Performance Benefits without Profiler

We first discuss the performance benefits obtained by applying SCOUT on the
programs from Polybench and CPU SPEC 2017 benchmarks in the absence of
the profiler. To obtain the performance benefits, we computed the percentage
change in the execution time of the benchmark when compiled with (optimized)

and without (native) our pass, using the custom memory allocator in both cases.
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Polybench benchmarks. For Polybench, we report the performance benefits for
two different methods of benchmark compilation. Firstly, we report the perfor-
mance benefits obtained when compiled with and without our pass along with
the custom allocator. Table 5.3 shows the number of versioned loops by SCOUT
(column-2 #L,), and the performance benefits when compiled with and without
ScouT for the six benchmarks showing performance benefits of more than 3%
(column-3 P,). Secondly, we report the performance benefits when compiled
with and without the DPOLYBENCH_USE_RESTRICT option of Polybench. This
option inserts the restrict keyword to allow the compiler to assume absence
of aliasing for function arguments. Column-4 (P,) of Table 5.3 shows the per-
formance benefits for the same six benchmarks using the restrict keyword.
Additionally, this table shows the variance of the execution times for the bench-
marks’ five runs. Column-5 shows the variance of the execution times for five
runs when the benchmarks are compiled with the custom allocator. Column-6
shows the variance of the execution times for five runs when the benchmarks
are compiled with the custom allocator and SCcOUT. The variance is always

less than 0.001.

For Polybench, ScOUT shows similar performance benefits as that of using
restrict keyword except for two benchmarks, out of 30. We observed
that in the case of SCOUT, non-aliasing relationships in the benefited versioned
loops involve the function arguments. Therefore, the triggered optimizations in

both cases were identical, resulting in similar performance benefits.

We observed a substantial performance degradation when jacobi-1d (-1.11%)
and adi (-5.16%) benchmarks were compiled with the restrict keyword.
In this case, LLVM failed to preserve non-aliasing information throughout the
transformation passes [108]. The loss of non-aliasing information resulted in
introducing some extra instructions by loop strength reduction and SLP opti-
mizations, slowing down the performance. Therefore, usage of the restrict

keyword degraded the performance of these benchmarks. However, SCOUT pre-
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served non-aliasing information throughout the transformation passes with the
help of custom intrinsic and no-alias metadata, resulting in performance ben-
efits of 11.8% and 0.42% for jacobi-1d and adi benchmarks, respectively.

SCOUT enabled more optimization opportunities (i.e., LICM and SLP) for these

benchmarks.
static void kernel_bicg(int m, static void kernel_ gesummv (
int n, double A[], double B[], int n, double alpha,
double g[], double pl], double beta, double A[],
double r[]) { double B[], double tmpl],
.. double x[], double y[]) {
for (1 = 0; 1 < _PB_N; 1i++) { ...
gli] = SCALAR_VAL(0.0); tmp[i] = SCALAR_VAL(0.0);
for (3 = 0; 7 < _PB_M; J++) { y[i] = SCALAR_VAL(0.0);
s[3j] = s[J] + rli] A[i][3J]; for (J = 0; j < _PB_N;
qli]l = gli] + A[i][j] * plJl; j++) A
} tmp[i] = A[i][J] * x[J]
} + tmp[i];
} yl[i]l = B[i]l[3] *» x[3J]
+ yl1l;
}
y[i] = alpha » tmp[i]
+ beta *« yI[il;
}
static void kernel_jacobi_1d( static void kernel_doitgen (
int tsteps, int n, double A[], int nr, int ng, int np,
double B[]) { double A[][]11[],
.. double C4T1]1[1,
for (1 = 1; 1 < _PB_.N — 1; 1i++) double sum[]) {
B[i] = 0.33333 « e
(A[i-1] + A[i] + A[i + 1]); sum[p] = SCALAR_VAL(0.0);
for (1 = 1; 1 < _PB_N - 1; i++) for (s = 0; s < _PB_NP; s++)
A[i] = 0.33333 = sum[p] +=
(B[i-1] + B[i] + B[1 + 11); Alr][glls] = C4[s]Ipl;

Figure 5.5: Code snippets from the Polybench benchmarks showing performance
benefits of more than 10%.

Out of 30 benchmarks, six benchmarks show performance benefits of more than
3% when compiled with SCoUT, as shown in Table 5.3 (column-3). Out of

these six benchmarks, four benchmarks have high performance benefits of more
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than 10%. We have listed code snippets from these four benchmarks in Fig-

ure 5.5, referred to in the discussion below.

1. In bicg benchmark, for the loop in function kernel_bicg the compiler
could move the read/write access to g[i], and r[i] outside the inner
loop body.

2. In gesummv benchmark, for the loop in function kernel _gesummv the
compiler could move the read/write access to tmp[i], and y[1i] outside
the loop body.

3. In Jjacobi-1d benchmark, for the loop in function kernel-
_jacobi_1d, the compiler could move A[i-1] and A[i] from the first
loop outside the loop body and B[i-1] and B[i] from the second loop
outside the loop body. This optimization further allowed the compiler
to vectorize both loops more efficiently by reducing the number of read
memory accesses from 6 to 2 for a vector width of 4 for each loop.

4. In doitgen benchmark, for the loop in function kernel doitgen, the

compiler was able to move sum[p] outside the loop body.

Out of 30 benchmarks, five benchmarks named, floyd-warshall,
nussinov, seidal-2d, trisolv and trmm did not show any improve-
ment as none of the loops were versioned. These benchmarks consisted of
read/write memory accesses with the same base pointers for different array el-
ements. Alves et al. [24] did not report results for the floyd-warshall
benchmark. However, for the other four benchmarks, Alves et al. [24] did not

report any substantial improvements.

For the remaining 19 benchmarks, the performance benefits varied from 0% to
3%. The transformations applied by ScouUT allowed the compiler to trigger op-
timizations like LICM and GVN. In some cases, these transformations allowed
the compiler to generate a better vectorized code. The efficient vectorization

improved the overall performance of the benchmarks. Based on the results ob-
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Table 5.4: Speedups for Polybench. We report speedups for three benchmarks
that resulted in substantial speedups for the hybrid approach [24]. (S, = Speedup
with the hybrid approach [24], S,, = Speedup when compiled with restrict
keyword using LLLVM-3.6.0, S; = Speedup with SCOUT, §,; = Speedup when com-
piled with restrict keyword using LLVM-10.)

Benchmark | S, | S/ S Srp
gesummv 251192 (198 | 1.94
bicg 2.7 1 2.06 | 2.05 | 2.05
gramschmidt | 1.4 | 1.01 | 1.01 | 1.01

tained, we can conclude that for Polybench, the performance benefits obtained
using the restrict keyword and SCOUT are similar in most cases. Although
the performance benefits are similar in many cases, using the restrict key-
word relies on programmer knowledge to guarantee non-aliasing, which is often
unavailable or unsafe in large legacy code bases. In contrast, SCOUT automati-
cally infers and enforces disambiguation through runtime checks without requir-
ing source-level annotations, making it applicable to existing programs while

preserving correctness.

Table 5.4 shows the results for the three benchmarks that led to a substantial
speedup using the hybrid approach [24]. In this table, S; (column-2) repre-
sents the speedups reported for the hybrid approach, S,, (column-3) represents
the speedup when we compiled the benchmarks with LLVM-3.6.0 (used in the
experiments performed by Alves et al. [24]) using the restrict keyword,
Sy (column-4) represents the speedups obtained with SCOUT and S,, (column-
5) represents the speedups when we compiled the benchmarks with LLVM-10

(used in our experiments) using the restrict keyword.

The hybrid (polyhedral and symbolic range analysis) approach [24] resulted in a
substantial speedup for the three benchmarks as shown in Table 5.4 (column-2).
The speedups using SCOUT (S;) were lesser than the speedups with the hybrid
approach (S;). To investigate it further, we compiled these benchmarks with the

LLVM-3.6.0 version (used by Alves et al. [24]) using the restrict keyword

85



CHAPTER 5. AN ALIGNMENT-BASED ALLOCATOR

(we used the restrict keyword with LLVM-3.6.0 as the artifacts of Alves
et al. [24] were not publicly available). The resulted speedups (S,,) were simi-
lar to those of SCOUT and with the restrict keyword (S,;) using LLVM-10
(used by ScouT). For all these benchmarks, SCOUT could resolve memory de-
pendencies in loops using dynamic checks. In all cases, SCOUT added runtime
checks for the pointer arguments, and thus, we observed a similar set of opti-
mizations using the restrict keyword. We expect similar behavior in Alves
et al. [24] hybrid approach, with differences in reported speedups likely due to
the compiler versions used. Alves et al. used LLVM-3.6.0, whereas we used
LLVM-10, whose more advanced optimizations yield better baseline performance

and make additional gains from precise alias information appear smaller.

We recommend using the hybrid approach [24] for Polybench benchmarks. For
these benchmarks, SCOUT did not find any loop that cannot be versioned using
the hybrid approach. The hybrid analysis can disambiguate pointers that involve
read/write memory accesses with the same base pointers. SCOUT and the purely
dynamic approach [24] fail to disambiguate such memory accesses. Therefore,

these techniques fail to benefit the performance in such cases.

Real-world benchmarks such as CPU SPEC 2017 have many loops for which
the hybrid approach cannot be applied. Due to the high cost of the purely
dynamic approach proposed by Alves et al. [24], these loops cannot be further
optimized. Our fast dynamic checks enabled some interesting optimizations in

CPU SPEC 2017 that we will discuss next.

CPU SPEC 2017 benchmarks. @ We now discuss the results for CPU SPEC
2017 benchmarks without using feedback from the profiler. Table 5.5 shows
loop-related statistics and performance benefits obtained for CPU SPEC 2017
benchmarks. In this table, #L, represents the total number of versioned loops
by SCcoOUT (column-2), #L, represents the total number of versioned loops that

were not vectorizable before but can be vectorized after the transformations ap-
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Table 5.5: Performance benefits for CPU SPEC 2017 without profiler. (#L, =
Total number of versioned loops by ScouT, #L, = Total number of versioned
loops that are vectorizable, #L, = Total number of versioned loops executed, P, =
Performance benefits when compiled with SCOUT, V, = Variance of the execution
time when compiled with the custom allocator, V; = Variance of the execution
time when compiled with the custom allocator and SCOUT. Performance-benefit
numbers represent percentages.)

Benchmark | #1., | #L, | #L. | P, Ve | Vg

namd_r 326 {249 | 9 |-038 (07|03
parest_r 1020 | 568 | 69 | -0.3 | 0.3 0.5
Ibm_r 0 0 0 0 0|0
imagick_r 91 24 | 4 0 0.8 0.3
nab_r 35 15 |21 [-009 02| 0
perlbench_r 50 18 | 12 | -04 | 1.2 (0.7
geer 175 | 48 | 35 | 013 | 1 | 1.7
mcf_r 0 0 0 0 0 0

omnetpp_r 39 1 6 |-1.79 1021 0.7
xalancbmk. r | 286 | 268 | 34 | 0.88 | 1.3 | 0.7

x264 _r 124 | 25 | 32 0 0|0
deepsjeng_r 6 0 6 [ -0.1 | O |02
leela_r 1 0 0 0 0 0
XZ_1 2 1 0 0 0 0
povray_r 25 7 2 [-211]108|1.6

blender_r 409 89 | 31 |-337| 0 | 0.8

plied by SCOUT (column-3), #L, represents the number of versioned loops exe-
cuted out of the total versioned loops by SCOUT (column-4), P, represents the
performance benefits obtained without using the profiler (column-5), V. repre-
sents the variance of the execution time for the five runs when the benchmarks
are compiled with the custom allocator (column-6), and V; represents the vari-
ance of the execution time for the five runs when the benchmarks are compiled

with the custom allocator and SCOUT (column-7).

To obtain the performance benefits, we compiled all the benchmarks with and
without our pass using the custom allocator. We then computed the percentage
change in the execution time of the benchmarks. Out of 16 benchmarks, six
benchmarks named lbm_r, imagick_r, mcf_r, x264_r, leela_.r and xz-

_r reported no improvement in the execution time. For benchmarks lbm_r and
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mcf_r, none of the loops were versioned by SCOUT. For benchmarks leela-

_r and xz_r, some loops were versioned, but those loops were never executed.

The percentage change in the CPU time for the rest of the benchmarks lie in
the range of -3.37% (blender_r) to 0.88% (xalancbmk_r), as shown in Ta-
ble 5.5, column-5. Except for the xalancbmk_r and gcc_r benchmarks, the
other benchmarks incurred negative or no improvement. SCOUT versioned a sig-
nificant number of loops for these benchmarks; however, the following reasons

led to such performance degradation:

1. The code snippet containing the versioned loop never executes (e.g., in
the case of blender_r only 7% of the versioned loops were executed).

2. The dynamic checks never hold. In such a case, the original version of
the loop executes, and the dynamic checks ends up adding an extra over-
head (e.g., we found four such loops in case of gcc_r and five loops in
case of x264_r).

3. The overhead of dynamic checks is more than the benefits of the enabled

optimizations.

Our observations showed that even though most of the benchmarks did not
show a substantial performance improvement, these benchmarks showed the po-
tential to vectorize more loops over the existing implementation. The range of
additional vectorized loops lies between 2% to 93% w.r.t. the total versioned
loop by ScouT. Out of 16 benchmarks, for 11 benchmarks, this percentage
is more than 10%. For xalancbmk_r, namd_r and parset_r benchmarks
93%, 76% and 55% of the additional versioned loops are vectorizable. These
statistics showed that the compiler could vectorize more loops, but the existing

approaches failed on such loops.

The purely dynamic approach in Alves et al. [24] slowed down the allocation-

heavy 401.bzip2 benchmark from SPEC CPU 2006 by 29%. On the other
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hand, the maximum slow down with ScouT is 10.15% for the omnetpp_r
benchmark (including allocator overhead) and 3.37% for the blender_r bench-
mark (excluding allocator overhead), as shown in Tables 5.1 (column-5) and 5.5
(column-5). Moreover, it would be unfair to compare these results directly
because unlike the purely dynamic approach, SCOUT takes feedback from the
static optimizations to reduce the number of dynamic checks and decide which
loops can be benefited from versioning. Alves et al. [24] did not report results

for other SPEC CPU 2006 benchmarks (apart from 401.bzip2).

Overall, the results without profiling show that SCOUT delivers substantial per-
formance improvements for a subset of benchmarks, while also revealing the
limits of loop versioning. For Polybench, performance gains are observed for
a small number of benchmarks with safely versioned loops. However, since
most Polybench loops are effectively handled by hybrid disambiguation tech-
niques that require no custom allocator, those approaches are generally better
suited. For CPU SPEC 2017, although the speedups are often limited, SCOUT
versions many loops that existing techniques cannot handle, exposing additional
vectorization opportunities. These results motivate the selective use of runtime

disambiguation via profiling, discussed in the next subsection.

5.4.3 Performance Benefits with Profiler

We estimated performance benefits of the CPU SPEC 2017 benchmarks based
on the profiler’s feedback. To obtain the performance benefits with the profiler,
we computed the percentage change in the execution time of the benchmark
when compiled with only those versioned loops that showed some improvement
in the execution time w.r.t. the native compilation. Firstly, the benchmarks were
compiled and executed with the optimized (i.e., versioned loops) and then with
the unoptimized versions of the loops to obtain the profile files. SCOUT iden-
tified loops that showed some improvement using the generated profile files.
The different thresholds for performance improvement determined the benefited

loops.

&9



CHAPTER 5. AN ALIGNMENT-BASED ALLOCATOR

Table 5.6: Performance benefits for CPU SPEC 2017 with profiler. (#L, = Total
number of versioned loops based on the profiler’s feedback, #L;, = Total number of
versioned loops that are vectorizable, P, = Performance benefits when compiled
with SCOUT, 7 = Threshold for improvement in the execution time of the loop,
Srec = SCOUT recommended (Y = Yes, N = No). Performance-benefit numbers
represent percentages.)

=0 7=10 7=20 7=30
Benchmark | #L, | #L, | P, |#L, |#L, | P, |#L, | #L, | P, | #L, | #L, | Py | Srec
namd_r 9 1 |051] 5 1 1013] O 0 0 0 0 0 Y
parest_r 24 | 17 031 18 | 13 |0.73 | 15 | 12 |043| 12 | 10 | 031 | N
Ibm_r 0 0 0 0 0 0 0 0 0 0 0 N
imagick.r 1 0 [023] 1 0 1023 1 0 [023] 1 0 |023| N
nab_r 12 9 1027 11 9 0 11 9 0 8 7 0 N
perlbench_r 0 0 0 0 0 0 0 0 0 0 0 0 N
geer 5 4 1062| 2 2 1073 2 2 1073 0 0 0 Y
mef_r 0 0 0 0 0 0 0 0 0 0 0 0 N
omnetpp_r 3 0 0.5 1 0 |025] O 0 0 0 0 0 N
xalancbmk r | 10 9 [132] 4 4 | 147 | 2 2 |09 2 2 |09 | N
X264 19 1 {089 12 1 1045| 9 1 {034 3 1 1056| Y
deepsjeng_r 2 0 (049 O 0 0 0 0 0 0 0 0 N
leela_r 0 0 0 0 0 0 0 0 0 0 0 0 N
XZ_T 0 0 0 0 0 0 0 0 0 0 0 0 N
povray_r 0 0 0 0 0 0 0 0 0 0 0 0 N
blender_r 11 0 [052] 3 0 |031] O 0 0 0 0 0 Y

Table 5.6 shows the loop-related statistics and performance benefits for thresh-
olds (1) 0%, 10%, 20% and 30%. In this table, #L, represents the total num-
ber of versioned loops based on feedback from the profiler, #L; represents the
number of versioned loops not vectorizable before but vectorized after the trans-
formations applied by ScouUT, P, represents the performance benefits obtained
using feedback from the profiler and S,.. represents whether we recommend
using ScouT for the corresponding benchmark (Y represents we recommend
using SCOUT and N represents we do not recommend using SCOUT). We rec-
ommend using SCOUT for those benchmarks where the CPU time overhead of
the custom allocator (Table 5.1, column-5) is lesser than the performance ben-
efits obtained with the profiler for at least one of the thresholds. Table 5.7
shows the variance of the execution time for five runs of the benchmarks for
different thresholds. V. represents the variance when compiled with the custom
allocator, V; represents the variance when compiled with the custom allocator,

and SCOUT.
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Table 5.7: Variance of the execution time for five runs of the CPU SPEC 2017
benchmarks. 7 = Threshold for improvement in the execution time of the loop,
V. = Variance of the execution time when compiled with the custom allocator, V;
= Variance of the execution time when compiled with the custom allocator and
SCOUT.)

T=0|7=10 | 7=20 | =30

Benchmark | V. Vs Vs Vs Vs
namd_r 0.7 0 0.8 0.7 0.7
parest_r 03] 05 0.8 0.8 0.3
Ibm_r 0 0 0 0 0

imagick r 0.8 | 0.7 0.7 0.7 0.7
nab_r 02| 02 0.7 0.7 0.7
perlbenchr | 1.2 | 1.2 1.2 1.2 1.2
geer 1 1 0.2 0.2 1

mcf_r 0 0 0 0 0

omnetpp_r 02| 0.7 0.2 0.2 0.2
xalancbmk r | 1.3 | 1.3 0.3 0.7 0.7

x264_r 0 0.3 0.2 0.3 0
deepsjeng_r 0 0 0 0 0
leela_r 0 0 0 0 0
XZ_T 0 0 0 0 0
povray_r 0.8 ] 0.8 0.8 0.8 0.8
blender_r 0 0 0.3 0 0

For the benchmark xalancbmk_r, out of 286 versioned loops by ScouUT, only
ten loops resulted in some performance improvement based on the statistics
shown in Table 5.6 for threshold 0%. After discarding non-benefited loops, the
performance benefits increased to 1.32% from 0.88% for threshold 0%. The
performance further increased to 1.47% when the four loops with an improve-
ment of more than 10% were versioned. However, the performance drops to
0.9% for the 20%, and 30% threshold as SCOUT only versioned two loops
based on the feedback. Out of the ten loops that benefited, the compiler vector-
ized nine loops based on the transformations applied by SCOUT. This number
was further reduced to four for threshold 10% and two for thresholds 20% and
30%, affecting the benchmark’s performance. Even though the xalancbmk_r
benchmark shows the maximum performance benefits, we do not recommend
using SCOUT for this benchmark as the allocator’s overhead for this benchmark

is higher (3.05%, Table 5.1, column-5).
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For benchmark x264_r, out of 124 versioned loops by ScouUT, only 19 loops
benefited based on the statistics obtained by the profiler. This benchmark led
to a performance improvement of 0.89% when non-benefited loops were not
versioned. For this benchmark, the performance benefits vary with the threshold
increase. Moreover, the versioning of non-benefited loops due to the absence of
the profiler hampered the performance of this benchmark. The obtained results
showed that this benchmark could lead to a performance improvement of around
0.89% using the feedback. For this benchmark, the allocator is also showing an
improvement of 2.36% (Table 5.1, column-5). Therefore, we recommend using

ScouTt for this benchmark.

The performance benefits for the gcc_r benchmark increased from 0.13% to
0.62% when the benchmark was compiled with versioning only those loops that
showed some improvement. There were only five such loops out of 175 loops
versioned by SCOUT. The performance benefits increased to 0.73% for thresh-
olds 10% and 20%. For the threshold 30%, none of the loops got benefited.
We recommend using SCOUT for this benchmark as the maximum performance
benefit is 0.73%, and the allocator shows an improvement of 0.98% (Table 5.1,

column-5).

For some benchmarks, the performance benefits decreased with the increase in
threshold, such as namd_r, omnetpp_r and deepsjeng_r as the number of
versioned loops reduces to 0. However, for benchmarks such as parest_r,
gcc_r and xalancbmk_r, the performance improved for threshold 10% com-
pared to threshold 0%. The possible reason behind this could be that the instru-
mentation of rdtsc instruction for collecting timing statistics during the profile
phase changed the behavior of some loops. The threshold 0% setup also in-
cludes loops that show minor improvements over the unoptimized version during
the profile phase. However, the benchmarks showed higher performance benefits

when such loops were not versioned for the threshold 10%.
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We observed the benchmarks were benefited from the profiler because it helped
filter out some non-benefited loops. The user can choose the threshold ac-
cording to their requirements to obtain maximum performance benefits using
ScouT. We recommend using SCOUT for four of the CPU SPEC 2017 bench-
marks named, namd_r, gcc_r, x264_r, and blender_r. We conclude that
with the help of the profiler, SCOUT can identify the loops more effectively
that were ultimately benefited and version only those loops to get maximum

performance benefits.

5.4.4 Code Patterns Optimized using SCOUT for CPU SPEC 2017

Figure 5.6 shows some of code snippets from CPU SPEC 2017 benchmarks for
which loop bounds are not loop invariants. These loops were executed during
runtime and yielded more than 20% improvement. However, SCOUT could op-
timize many such loops during compile time. In most cases, we found that
structure fields or class elements are accessed in the loop condition, involving
memory access. This looks like a common coding pattern that exists in real-
world workloads. The compiler could not compute the static bounds of these
loops due to unresolved memory dependencies. Note that none of the exist-
ing techniques can be applied to this loop except the purely dynamic approach

proposed in Alves et al. [24] that would require O(log n) checks.

5.5 Summary

This chapter introduced a novel memory allocator design that enables constant-
time pointer disambiguation at runtime using a single memory access. By con-
straining the size and alignment of memory objects during allocation, our ap-
proach performs lightweight dynamic checks. Prior work by Alves et al. [24]
proposes a purely dynamic disambiguation approach based on object tags, but
requires red-black tree lookups, leading to logarithmic overheads (O(logn)) that
limit scalability. Our work is motivated by this approach but reduces the run-
time overhead of dynamic checks through constant-time disambiguation. Unlike

LLVM’s loop-versioning mechanism based on scalar evolution analysis, which
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//544 .nab_r

//mme34 ()
//line 1978
for (1 = -1;
i < prm—->Natom;
i++) |
iexwl[eoff + 1]
= -1}
//Improvement: 60%
//544 .nab_r
//readparm ()
//line 1494
for (1 = 0;
i < prm->Natom;
i++)
prm—->N14pairs[i]
= 0;
//Improvement: 37%

//523.xalancbmk_r

//expand ()

//line 620

//fElemCount 1is a

//class member.

for (unsigned int
index = 0; index
< fElemCount;
index++)

newlList [index]
fRanges[index];
51%

//Improvement :

//502.gcc_r
//df_worklist—
//_dataflow ()
//line 1023

(i = 0;

i < cfun->cfg-—>

for

x_last_basic_block; graph->rep[]]

i++)
bbindex_to
_postorder[i]
cfun->cfg->

x_last_basic_block;

//Improvement: 29%

//544 .nab_r
//nbond ()

//line 866

(1 =-1;

i < prm—->Natom;
i++) {
iexw[i]

for

-1}
43%

//Improvement:

//544 .nab_r
//mme_init ()
//line 1292
for 0;
i < prm->Natom;
i++) |
pairlist[i]
lpairs[i]
upairs[i]
//Improvement :

(i =

33%

//525.%x264_r
//FmoGenerateMb-
//ToSliceGroupMap ()
//1line 149
for (1i=0;
PicSizeInMbs;

i<p_vid->
i++)

MbToSliceGroupMap++

= xMapUnitTo-—
SliceGroupMap+t+;

}

//Improvement: 52%
//502.gcc_r
//init_graph ()
//line 1116
for (3 = 0;

j < graph->size;
J++) |

= 3J;
graph->pe_rep[]j]

= -1 ;
graph—>

NULL;

0;1

//544 .nab_r
//set_belly_mask ()
//line 1980

for ( 1i=0;
i<prm->Natom;
itt )
prm->N1l4pairs[i]
0;
//Improvement :

38%

//544 .nab_r
//mme_init ()
//line 1224
for 0;
i < prm->Natom;
i++) {
pairlist2np[i]
NULL;
lpairs2np[i]

(1 =

upairs2nplil]
0;1}
//Improvement :

32%

//510.parest_r
//get_dof_indices ()
//1line 2043

for (unsigned int
i=0;

{ i< accessor
.get_fe()
.dofs_per_cell;
++i, ++cache)

dof _indices|[1i]

*cache;

//Improvement :

77

o)
°

//538.imagick_r
//ParseGeometry ()
//line 967
while (isspace((int)
((unsigned char)
*p)) = 0)
pt+;

//Improvement: 51%

indirect_cycles|[]]

= -1}

//Improvement: 22%

Figure 5.6: Code snippets from the CPU SPEC 2017 benchmarks that show sub-

stantial improvement.
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only works for loops with invariant bounds and affine memory accesses, our
technique supports a broader class of loops, including those with non-invariant
bounds that LLLVM cannot handle. This expands the set of loops that can
be optimized, enabling not just vectorization but also other transformations like
loop-invariant code motion, dead store elimination, and load elimination, which
LLVM does not typically attempt under imprecise aliasing conditions. Our tech-
nique uses a feedback-guided mechanism to identify only the dynamic checks
necessary to enable optimizations. Our approach scaled to five real-world appli-
cations (CPU SPEC 2017). The CPU and memory overheads of this scheme for
CPU SPEC 2017 benchmarks lie in the range -2.57% to 8.36% and -2.29% to
34.89%. These results demonstrate the practicality and performance benefits of
our method in real-world settings. However, the allocator’s size and alignment
constraints introduce overhead that limits scalability for some workloads. A key
direction for future work is to reduce these allocator overheads while preserving

the efficiency of constant-time pointer disambiguation.

95



CHAPTER 6. A REGION-BASED ALLOCATOR

Chapter 6

A Region-Based Allocator

Our previous work (Scout Chapter 5) presented a scalable solution to the limi-
tations of static alias analysis by enabling constant-time pointer disambiguation
through segment-based memory allocation. The proposed tool, Scout, disam-
biguates two pointers x and y by computing the size of the object pointed to
by either of them, say len. If x and y are at least len apart, they cannot
overlap. Scout retrieves the object size from a given pointer in just one memory
access, enabling highly efficient runtime checks. Compared to prior techniques
such as Alves et al. [24], the dynamic checks in Scout are significantly faster
and scale to large applications, demonstrating measurable performance improve-

ments in a few CPU SPEC 2017 benchmarks.

However, a major drawback of Scout is the additional CPU and memory over-
head introduced by the allocator due to increased object size. Scout enforces
that all allocations be rounded up to the nearest power of two (2F), regard-
less of whether they are involved in versioned loops. As a result, the CPU
and memory overheads for CPU SPEC 2017 benchmarks range from -2.57%
to 8.36% and -2.29% to 34.89%, respectively (with negative values indicating
performance improvements). These overheads stem from the fact that Scout con-

strains all allocations, even those never accessed within versioned loops.
In this chapter, we present our tool, RAPID. RAPID further reduces the over-
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head of allocator and dynamic checks by only constraining those memory al-
locations that may be accessed in loops that undergo additional versioning in
the approaches proposed by Alves et al. [24] and Scout (Chapter 5). At the
high level, RAPID ensures that the conflicting memory accesses always belong
to different heap regions, and the loop-versioning condition simply checks if the
pointer addresses belong to different regions. The heap regions are allocated in
a way that the top 32-bits in the virtual addresses corresponding to two differ-
ent regions are always different. Thus, the dynamic check for disambiguation is

very efficient and doesn’t require any memory access.

RAPID works in two phases. In the first phase, RAPID uses a profiler to cor-
relate conflicting memory accesses in the loops to their allocation sites. In
the second phase, RAPID generates code in a way that conflicting memory
accesses are allocated from different heap regions (at runtime) and implement

loop-versioning.

Here are the key differences between RAPID and Scout. Scout requires one
memory access to disambiguate two pointers, whereas RAPID doesn’t require
any memory access in the dynamic checks for disambiguation. Scout constrains
the size and alignment of all objects, which is the primary source of its over-
head. RAPID doesn’t change the allocation size and alignment of objects. Also,
the different regions are assigned to only those objects that may be accessed
in the versioned loop — not to all objects. Therefore, the allocator overhead
in RAPID is very low compared to Scout. The allocator’s CPU and memory
overheads of RAPID for CPU SPEC 2017 benchmarks lie in the range -3.67%
to 0.46% and -0.62% to 6.96%, respectively. Due to the low overhead of allo-
cator and dynamic checks, RAPID could improve the performance of 12 out of
16 CPU SPEC 2017 benchmarks. In four benchmarks, none of the loops were

versioned using the dynamic check.

This work makes the following contributions:
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1. It introduces an approach that combines loop-versioning with lightweight
dynamic checks. Our approach includes a region-based memory allocator
and instruments region-based dynamic checks to decide the version of the
loop to execute at runtime.

2. A profiler to identify conflicting memory accesses inside the loops and
potential loop candidates that show potential for improvement.

3. Integration of the approach with LLVM.

4. Evaluation of the performance benefits of Polybench and CPU SPEC 2017

benchmarks using the approach.

6.1 Motivating Example

We now discuss the overview of our approach and compare it with existing
techniques using the example in Figure 6.1. This example is similar to the one
we used in our Scout (Chapter 5), and to the examples presented by Alves et
al. [24]. We found similar code patterns in CPU SPEC 2017 benchmarks as

discussed in Section 6.4.

The example shown in Figure 6.1 adds the elements of arrays b and c and
stores the result in array a (at line 4-6). The compiler can vectorize this loop
if it knows for sure that b, c, and size don’t overlap with a. Line 63 shows
the vectorized loop body. Here, ‘i:i+3’’ means four operations at indices
i, i+1, i+2, i+3 are performed in parallel instead of one operation at line
5. Notice that if array a overlaps with either array b, array c, or size, then
the parallel execution may yield a different result than the sequential execution.
In this case, the alias relationships between these objects depend on the values
passed by the caller and hence can’t be answered using the intraprocedural alias
analysis. As discussed before, the polyhedral, symbolic range, and scalar evolu-
tion analyses require the loop bounds to be loop invariants, which is not true in
this case. The loop bound x*size is not a loop invariant as size can overlap
with a, which might end up modifying the loop bounds inside the loop body.

Therefore, in addition to RAPID, the pointer disambiguation technique discussed
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in Alves et al. [24], and Scout can be used to version this loop.

1. void foo(int =a, int =*b, 8. int main () {
2. int *c, int =xsize) 9. int *a = (int*)malloc(36);
3. { 10. int *b = (int*)malloc(36);
4 for (int i = 0; 1 < =*xsize; 11. int *c = (int*)malloc(36);
i++) { 12. int size = 9;
. ali] = b[i] + c[i]; 13. foo(a, b, c, &size);
6. } 14.
7.} 15.}
(a) Original foo. (b) Original main.

Figure 6.1: An example to discuss RAPID approach.

@ REGION-0
REGION-0
REGION-1

REGION-0

Figure 6.2: Interference graph used for assigning regions. Different regions are
assigned to nodes connected using an edge.

Figure 6.3d shows the versioned loop using RAPID. Lines 58-60 correspond
to the loop-versioning condition. RAPID ensures that conflicting memory ac-
cesses (a, b), (a, c), and (a, size) belong to different heap regions.
Two pointer addresses belong to different heap regions if the top 32-bits in the
addresses are different. The condition at line 58 is true at runtime if a and
b belong to different regions. Similarly, conditions at lines 59 and 60 hold at
runtime if (a, c) and (a, size) are in different regions. Notice that b, c,
and size can be in the same region. If the loop condition fails, the original

loop at lines 69-71 executes.

RAPID works in two phases. In the first phase, it profiles the application to find
out the allocation sites of pointer variables that potentially require a disambigua-
tion check. In this example, dynamic checks are required for pointer pairs (a,
b), (a, c), and (a, size). Figure 6.3a shows the main routine instru-

mented for profiling. At lines 17-19, malloc is replaced with malloc prof
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16. int main() { 25. int main () {

17. int xa = (intx)malloc_prof 26. int xa = (intx)rmalloc
(36, 17); (36, 1);

18. int *b = (intx)malloc_prof 27. int *b = (intx)malloc(36);
(36, 18); 28. int xc = (intx)malloc(36);

19. int *c = (intx)malloc_prof 29. int size = 9;
(36, 19); 30. foo(a, b, c, &size);

20. int xsize_addr = (intx*) 31.
malloc_prof (4, 20); 32. }

21. size_addr[0] = 9;

22. foo(a, b, ¢, size_addr);

23.

24, } (b) Final code generated for main using

(a) Profiling phase of RAPID for main. RAPID.

33. void foo(int =*a, int =*b, 54. #define D (1ULL << 32)
34. int *c, int +size) /*x 4GB */
35. { 55. void foo(int =xa, int «Db,
36. 1if (start_addr (a) 56. int xc, int xsize)
= start_addr (b) && 57. {
37. start_addr (a) 58. if ((a ~ b) >= D &&
= start_addr(c) && 59 (a ©~ ¢c) > D &&
38. start_addr (a) 60. (a ~ size) >= D) {
!= start_addr(size)) { 61. int t = xsize, 1i;
39. log_pair(a, b); 62. for (i = 0; i + 3 < t;
log_pair(a, c); i += 4) {
40. log_pair(a, size); 63. ali:1+43] =
41. int t = *xsize, i; bli:i+3] + c[i:1+3];
42. for (1 = 0; 1 + 3 < t; 64 . }
i +=4) { 65. for (; 1 < t; i++) {
43, al[i:1i+43] = b[1:14+3] 66. ali] = b[i] + c[i];
+ c[i:1+3]; 67. }
44, } 68. } else {
45. for (; 1 < t; i++) | 69. for (int i = 0;
46. ali] = b[i] + c[i]; i < xsize; i++) {
47 . } 70. alil] = b[i] + cl[i];
48. } else { 71. }
49, for (int i = 0; 72. }
1 < xsize; i++) { 73. }
50. ali] = bli] + cl[i];
51. }
52. }
53. 1}
(c) Profiling phase of RAPID for foo. (d) Optimized foo using RAPID.

Figure 6.3: Transformed code with RAPID.
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that additionally takes the allocation site (a unique identifier for each allocation
site, e.g., line number) and stores the allocation site in the metadata corre-
sponding to the allocated object. Lines 36-38 show the loop condition of the
versioned loop during the profile phase. It uses the start_addr API, which
returns the starting address of an object. Two objects can not overlap if the
starting addresses are different. If the optimized path is taken at runtime, the
allocation sites of the conflicting pointer pairs are logged. For example, (17,
18), (17, 19), and (17, 20) are logged at lines 39 and 40 (notice that the al-
location sites of a, b, c, and size are 17, 18, 19, and 20). The next goal
is assigning different regions to each conflicting pair of allocation sites. This
is done using an interference graph. In an interference graph, there is an edge
between two allocation sites if a disambiguation check is required for objects
allocated at these sites. Figure 6.2 shows the interference graph for this exam-
ple. RAPID assigns regions to each of the nodes in a way that nodes connected
using an edge don’t have the same region. We have used the standard graph
coloring algorithm to assign regions to nodes in the interference graph. In this
example, the graph coloring algorithm assigns region-id zero to allocation sites

18, 19, and 20 and region-id one to allocation site 17.

In the second phase, malloc is replaced with rmalloc if the region-id of
the corresponding allocation site is not zero. rmalloc additionally takes the
target region-id. The default region-id of all allocations is zero. Because, in
this case, the region-id for array a is one, RAPID replaces the malloc with
rmalloc at line 26. The rest of the allocations are in region-id zero and
are not replaced. The optimized code for foo is shown in Figure 6.3d that

implements faster checks in the loop-versioning condition.

In Alves et al. [24] approach, the allocation sites are not changed. The dynamic
checks at lines 58-60 require expensive red-black tree lookups to compute the
starting address of a, b, c, and size. Scout sets the allocation size and align-

ment of objects at lines 26-28 to 48 (a power-of-two). The dynamic checks at
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lines 58-60 require memory access to obtain the size of object a.

RAPID enables the compiler to explore useful optimization opportunities missed
by the compiler, such as code vectorization, loop invariant code motion, load
elimination, and store elimination. In the next section, we describe our approach

in detail.

6.2 RAPID

This section describes the RAPID approach in detail. Figure 6.4 shows the ar-
chitecture of RAPID. RAPID uses region-based allocator that enables faster dis-
ambiguation checks. RAPID compiles the application in two phases. RAPID
takes an intermediate representation (IR) of the program as input in both
phases. The first phase is the profile phase. In the profile phase, RAPID iden-
tifies and instruments loops that can be further optimized using loop-versioning.
The IR is instrumented to log the allocation sites of the conflicting memory
accesses inside the loop. The IR is then transformed into an executable that is
executed on a given set of inputs to generate a log file. The second phase also
takes the log file generated in the first phase as input. In the second phase,
RAPID implements the graph coloring algorithm to infer region-ids for conflict-
ing allocation sites, modifies allocation sites to allocate from inferred region-ids,
and implements loop-versioning. The final code generated by RAPID is linked
to the region-based allocator during the execution. Now, we discuss both phases

in detail.

6.2.1 Region-based allocator

Figure 6.5 shows a simplified view of the heap layout in region-based alloca-
tor. A region contains a list of segments. A segment is a 4GB (configurable
at compile time) contiguous memory area. The starting address of a segment
is always aligned to 4GB. Segments in the regions are disjoint. The segments
corresponding to a region can be scattered across virtual address space (for sim-

plicity, we showed them contiguous). Two pointer addresses point to different
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Figure 6.4: Architecture of RAPID.

objects if they belong to different segments or regions. Objects in different re-
gions always belong to different segments. Because of the alignment property
of segments, if two objects belong to different segments, then the top 32-bits in
their virtual addresses can’t be the same. This property enables faster checks to
disambiguate pointers belonging to different regions, as we use in our dynamic

checks.

6.2.2 Profiling phase

We use the profiler for the following goals:

1. To capture allocation sites of objects accessed inside the loops.
2. To identify potential loop candidates that can be further optimized.
3. To compute the benefit of loop-versioning by counting the number of it-

erations of the optimized and unoptimized version of the loop.

Identifying allocation sites. To capture allocation sites of objects accessed in-
side the loop, RAPID inserts an eight-byte object header before the starting ad-

dress of the object. RAPID assigns a unique integer id to each allocation site,
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0
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SEGMENT-k ‘
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Figure 6.5: Heap layout in region-based allocator.

called allocation-id, which is stored in the object header at the time of allo-
cation. From a given pointer address, the allocation site is obtained by first
computing the starting address of the object and then reading the allocation id

from the object header.

Loop-versioning. To identify potential candidates for loop-versioning, RAPID
follows an approach similar to Scout (Chapter 5). The loop-versioning algorithm
is shown in Algorithm 2. InstrumentLoop returns true if the loop can be
optimized using dynamic checks. ComputeDataDependencies collects all
the pointer operands that are accessed in a loop. The read-write and write-write
pairs for which the static alias analysis fails are added to the ConflictSet.
It also tries to check if the pointer operands are derived from the same base, in
which case they are not added to the ConflictSet. Thus, ComputeData-
Dependencies returns a set of pointer pairs (ConflictSet) that are ac-

cessed inside the loop and follows the following properties:

* Pointer pairs are not the result of pointer arithmetic on the same array in
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Function InstrumentLoop (Function F, Loop L) :
ConflictSet < ComputeDataDependencies(L);
/* ConflictSet contains conflicting pointer pairs * /
if ConflictSet.empty() then
| return false;
end
L _IsVectorizable <— CanVectorize(L);
LV <« CreateCopy(L);
foreach P € ConflictSet do
‘ assume P doesn't conflict in LV,
end
/* check if we can vectorize the versioned loop
* assuming pointer pairs don't overlap.
*
/
LV _IsVectorizable <— CanVectorize(LV ),
LICM(LV);
GVN(F);
DSE(F);
if LV and L are the same then
/* LICM, GVN, DSE didn't work x/
if not LV _isVectorizable or L_IsVectorizable then
/* Loop L can’t be optimized further x/
DeleteLoop(LV );
return false;
end
end
if not LV IsVectorizable then
‘ ConflictSet < RemoveRedundantChecks(ConflictSet,L,LV);
end
/* LV is more optimized than L x|/
InsertLoopVersioningCondition(L, LV, ConflictSet);
InsertCodeToLogAllocationlds(LV, ConflictSet);
InstrumentLooplterCount (L, LV);
return frue;

Algorithm 2: The profiler takes a function and the loop. It returns whether
the loop has a potential to be optimized further. The profiler instruments the
conflicting memory accesses present in the functions to store the allocation-
ids. It also instruments the preheader of the selected loops based on the
feedback from static optimizations to log the required information.

the current function scope.
e At least one of them is involved in a write operation inside the loop

body.
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* Intra-procedural alias analysis doesn’t know precisely if the pointer pairs

are alias or not.

CanVectorize uses alias analysis and scalar evolution [77,78] to return true
if a loop can be vectorized (no read-write or write-write conflict) with/without
loop-versioning. We used the existing implementation in LLVM for Can-
Vectorize. Thus, CanVectorize routine returns true if the compiler can
vectorize the loop. Notice that InstrumentLoop takes an optimized IR as
input that is not vectorized. The reason is that once the loop is vectorized,
the LLVM compiler can’t optimize it further. At line 8, a copy of loop, LV,
is created. At lines 9-11, RAPID assumes that the pointer pairs returned by
ComputeDataDependencies don’t overlap in LV. Non-overlapping memory
accesses inside the loop may enable other optimizations, such as loop invariant
code motion (LICM), global value numbering (GVN), dead store elimination
(DSE), and loop vectorization. RAPID performs LICM (line 16), GVN (line
17), and DSE (line 18) on LV to check if any of them are enabled. If yes,
the loop is versioned. Otherwise, if the original loop (L) was not vectorizable
and LV is vectorizable (due to non-overlapping memory accesses), then also the
loop is versioned. At line 31, the loop-versioning condition is inserted. For ev-
ery pointer pair (x, y) in the ConflictSet, InsertLoopVersioning-
Condition instrument code to obtain the starting addresses of objects pointed
by (x, y). The optimized loop version (LV) is executed at runtime if the
starting addresses don’t match for all pointer pairs in ConflictSet. In
LV, RAPID instruments code to log the allocation-id pairs corresponding to all
pointer pairs in the ConflictSet. The allocation-id is obtained from the ob-

ject header of the corresponding object.

Finally, RAPID instruments code to collect the loop-taken statistics for the ver-
sioned loop. The loop is versioned in the second phase if the optimized path is
taken frequently during profiling. Notice that if LV is not vectorizable, we may

not need all dynamic checks. For example, at line 61 in Figure 6.1, size is
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moved outside the loop. If the rest of the loop is not vectorizable, we don’t
need to check if pointer pairs (a, b) and (a, c) overlap. This optimization
is sound as long as size doesn’t overlap with a. To compute the minimum
number of checks, RAPID adopted the approach followed by Scout (Chapter 5).
At line 28, RemoveRedundantChecks removes the redundant checks using

the following approach:

e Initially, mark all pointer pairs in the ConflictSet as invalid.
* If a memory access operation (read/write) of pointer p in L is not present
in LV, mark all pointer pairs that contain p in ConflictSet as valid.

* Remove all pointers pairs from the ConflictSet that are invalid.

Finally, the instrumented code for profiling is converted into an executable. The
profiler is executed on user-supplied input to generate a log file that is used in

the second phase of RAPID.

6.2.3 Final code generation

In the second phase, RAPID does the following tasks.

* Computes region-id for each allocation site.

* Implements loop-versioning for loops identified in the profiling phase.

Region inference. The goal of the region inference is to compute the region-ids
for all allocation sites. The log file generated during the profile phase contains
all allocation site pairs that should not belong to the same region. As discussed
before, RAPID generates an interference graph in which the nodes are the al-
location sites, and an edge between two nodes represent that the nodes should
not belong to the same region. Now, the problem of computing region-ids is
the same as the graph coloring problem used for register allocation [86]. We
used the following algorithm to compute the region-ids, where n is the number

of nodes in the interference graph.
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for (1 = 2; i <= n; 1i++) {
if (graph is colorable using i colors) {
assign colors starting from zero

return;

In this algorithm, colors represent regions. After the region-ids are assigned
to each node in the interference graph, all the allocation sites that are present
in the interference graph and have region-id other than zero are modified to

allocate from the corresponding region.
6.2.3.1 Handling conflicting allocation sites

The allocation sites of two conflicting memory accesses in a versioned loop
may be the same if the corresponding allocations are inside a loop. We explain
this using the following example. If we replace a, b, ¢ in Figure 6.1b with
arr[0], arr[1l], and arr[2] and allocate them inside a loop, there will be
only one malloc statement. Now, we can’t replace arr [0] in Figure 6.3b to
allocate from region-1 because the same statement is used to allocate arr[1]

and arr[2].

In this case, the dynamic check will always fail if we assign a unique region-
id to the corresponding allocation site inside the loop. To handle this case,
instead of assigning a single region-id, RAPID assigns a range of region-ids to
the allocation site. For these cases, during memory allocation, the allocation-id
is chosen from the set of assigned region-ids in a round-robin manner. Notice
that this approach doesn’t guarantee that the dynamic checks for disambiguation
always succeed; however, the probability of failure decreases as we increase
the set of ids assigned to these allocation sites. Because a large number of
regions can degrade an application’s performance, we ask the user to provide

the maximum number of regions using a compile-time option. After assigning
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region-ids to non-conflicting allocation sites, we divide the remaining regions
equally among all conflicting allocation sites. In our experiments, we found
that a small number of ids are sufficient for the existing cases in real-world

benchmarks.
6.2.3.2 Loop-versioning

The loop-versioning algorithm is similar to the algorithm used by the profiler
(Algorithm 2), except for a few changes. The dynamic checks in the loop-
versioning condition are very efficient. It checks if the pointer pair belongs
to different segments by comparing the top 32-bits. The starting address of
a segment is always aligned to 4GB. If the xor of two pointer addresses is
greater than or equal to 4GB (maximum size of a segment), then they belong
to different segments and thus different objects. RAPID doesn’t log anything in
this phase. The loop is versioned only if the optimized path is taken frequently

during the profile run.

6.3 Implementation

We implemented RAPID as a part of LLVM infrastructure (v10.0.0). RAPID
instruments an already optimized IR that is not vectorized. This is because
LLVM can’t further optimize an already vectorized loop. We have modified
Mimalloc (v 2.0.6) [109,110] to implement our region-based memory allocator.
The primary motivation for picking Mimalloc is that it already supports thread-

local heaps that can be easily extended to multiple heap regions.

Mimalloc. Mimalloc [109,110] is a high-performance memory allocator de-
signed for speed, scalability, and low fragmentation, especially in multi-threaded
environments. The performance of Mimalloc is comparable to the state-of-the-
art allocators. Its architecture is built around three key components: heaps,
segments, and pages. Each thread is assigned its own heap, reducing con-
tention by allowing most memory operations to occur without synchronization.
A heap consists of one or more segments, which are large contiguous mem-

ory blocks acquired from the operating system. These segments are further di-
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vided into pages, each responsible for managing allocations of a specific size

class.

During allocation, the thread first tries to serve the request from its local page’s
free list. If the page is full, a new one is fetched from an available segment
or a new segment is allocated via mmap. For deallocation, if the memory is
freed by the same thread that performed the allocation (i.e., within the same
heap), it is directly added back to the page’s local free list. If a different
thread performs the deallocation, the freed memory is placed into the page’s
remote free list, which is processed later in batches to minimize synchronization
overhead. This layered and thread-aware design allows Mimalloc to maintain

high performance and efficient memory usage across diverse workloads.

We extended Mimalloc to implement thread-local heaps for multiple regions. By
default, there is only one region; in that case, Mimalloc uses just one thread-
local heap. Mimalloc uses mmap to allocate mi-segments. In our implemen-
tation, mi-segments are allocated from segments (recall that segments are 4GB
contiguous memory area and the starting address of the segment is aligned to
4GB). Initially, RAPID reserves memory area for a segment. The memory area
corresponding to the mi-segment is made accessible when a mi-segment is allo-
cated from a segment. The mi-segments for different heaps are allocated from
different segments; thus, objects from different heap regions always belong to
different segments. We also export a thread-local variable from Mimalloc that
is used by the application to pass the region-id. If the caller doesn’t pass the
region-id, the allocation is done from the default region. We compared the
performance of our region-based implementation using the default region with
the original Mimalloc implementation. Our implementation slightly improved the
performance of CPU SPEC 2017 benchmarks without additional memory over-
head. Therefore, we have used our region-based Mimalloc implementation (that

uses region-0 for every allocation) as the baseline in our evaluations.
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Finding starting address. @~ We implemented an API in Mimalloc to find the
starting address of the object, which is used by the profiler. In Mimalloc, mi-
segment can be derived from a virtual address using just an “and” operation
due to the alignment property of mi-segments. A mi-segment also stores the
metadata corresponding to every page in the mi-segment. A page contains fixed-
size objects. Page metadata contains starting address of the page and the object
size on that page. Our API uses page metadata to compute the starting address
of the object. From a given address x, the location of page metadata can be

efficiently computed using the offset of x in the corresponding mi-segment.

Stack allocations in the profile Phase.  As discussed before, during the pro-
file phase, RAPID stores the allocation site in the object header at the time of
heap allocation. The compiler can’t distinguish between a heap/stack location
statically when a stack address escapes the static scope (i.e., by passing to a
function, stored in a memory, or typecasted to an integer). In these cases, dis-
ambiguation checks may encounter stack allocations. To handle this case, if a
stack address escapes the static scope, RAPID replaces the stack allocation with
heap allocation. For these allocations, RAPID instruments free when the stack
allocation goes out of scope. In disambiguation checks, if an address belongs to
the data section, RAPID identifies them as global variables. For global variables,

a fixed allocation site is logged in the profile phase.

Stack allocations in final code. If a disambiguation check is needed for the
stack and heap location, we might need to allocate the stack object from a dif-
ferent region. We can do it by replacing the stack allocation with region-based
heap allocation. However, this may hurt the performance because the stack al-
locations are faster. To handle this, we try to allocate default regions to stack
allocations during region inference, thus eliminating the need to replace them.
However, if a disambiguation check is needed between two stack locations, then
we can’t assign the default region to both of them. We found this case in three

CPU SPEC 2017 benchmarks (imagick_r, gcc_r and blender_r). To fur-
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ther minimize the overhead of stack allocation replacement, we use per-thread
stacks for different regions. This is done for only those benchmarks that require
stack allocations in a different region other than the default region. RAPID iden-
tifies whether per-thread stacks for different regions are needed while building

the inference graph.

Handling wrappers. In some benchmarks, wrapper functions are used to allo-
cate memory. The problem with the wrapper functions is that memory alloca-
tion in the wrapper function is treated as the allocation site for all allocations.
RAPID uses an iterative algorithm, Algorithm 3, to detect the wrapper func-
tions automatically. FindWrappers takes the list of all the functions in the

application as an argument and returns a set of wrapper functions.

If a function does a single allocation (using standard allocation API or a wrap-
per function), doesn’t call external functions, doesn’t store addresses derived
from the allocated address in memory, and returns an address derived from the
allocated address, then it is a wrapper function. All functions except standard
library functions are considered external functions. We found that, in the wrap-
per functions, library functions are used for initializing memory or handling

error conditions.

IsDerivedFrom routine takes two pointer arguments and returns true if
the first argument is derived from the second argument using some arith-
metic or typecasts operations or if both pointer arguments are the same.
GetAllocatedAddr returns the allocated address at the unique allocation site
in the function. This iterative algorithm terminates when no new wrapper func-

tions are identified during an iteration.

We could detect most wrapper functions using the algorithm described
above. The perlbench_r and gcc_r benchmarks use wrapper functions

(namely Perl my.exit, Perl PerlIO._stderr, Perl PerlIO_fileno,
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Function FindWrappers (FunctionList FL) :
/*Input : FL is the list of all the functions, Output :
Set of wrapper functionsx /
WrapperFunctions < ();  /*Set of wrapper functionsx /
foreach i € Standard allocation API do
| WrapperFunctions.insert(i);
end
Changed < true;
while Changed do
Changed + false;

foreach Function F € FL do
if F € WrapperFunctions or

NumCallsToW rapperFunctions(F) ! = 1 or
NumCallsToExternal Functions(F) > 0 then
| continue;

end
Ptr < GetAllocatedAddr(F);
StoringAllocatedAddr < false;
foreach Store operation S € F do
ValueStored < S.GetValueOperand();
if IsDerivedFrom(ValueStored,Ptr) then

GenerateWarning(F, Ptr);

StoringAllocatedAddr < true;

break;
end
end
if StoringAllocatedAddr then

| continue;

end
foreach Return operation R € F do
ReturnValue < R.GetValueOperand();
if IsDerivedFrom(ReturnValue,Ptr) then

WrapperFunctions.insert(F);

Changed < true;

break;

end
end
end
end
return WrapperF unctions;

Algorithm 3: Function FindWrappers takes a list of functions. It returns
a subset of functions. These functions represent the list of wrapper functions
in the application.
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and xexit) for the library functions exit, stderr, and fileno in the wrapper
functions for allocations. For these benchmarks, we manually added these func-
tions to the list of library functions to detect the wrapper functions for alloca-
tions. Apart from these cases, we found that at four places in the parest-
_r benchmark, instead of returning the allocated address, the wrapper function
stores the address in a class member. In the x264 malloc routine of the
x264_r benchmark, the wrapper function stores the address of the allocated
buffer in the buffer itself before returning the allocated address. Our algorithm
generates warnings for these cases. The GenerateWarning routine in Al-
gorithm 3 generates a warning if the allocated address is stored once in an
address that is derived from the allocated address itself or if the allocated ad-
dress is stored once in a class member. We found that with these conditions,
there are only five functions for which the warning was generated, and they
are indeed the wrapper functions. We expect users of our tool to inspect the

routines for which warnings are generated manually.

Nevertheless, if the above algorithm misses a wrapper function, we can inspect
the profiler’s output to identify the wrapper functions. The profiler generates a
list of conflicting accesses with the same allocation sites. In addition to the
allocations inside loops, this list also contains all wrapper functions. We found
that this list is usually small, which makes it easy to find the missing wrapper
functions. We have also added a new function attribute in the compiler to an-
notate these wrapper functions manually. We also verified that we didn’t miss

any wrapper function by looking at the profiler’s output.

Column-2 of Table 6.1 shows the total number of wrapper functions identified
(including the ones for which warnings were generated) by RAPID for Poly-
bench and CPU SPEC 2017 benchmarks using our iterative algorithm. Apart
from the wrapper functions that directly allocate memory using the standard
APIs, the other wrapper functions call wrapper functions to allocate memory

and return the allocated address. Some of them initialize the memory buffer
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Table 6.1: Wrapper functions information for Polybench and CPU SPEC 2017
benchmarks. (#WF = Total number of wrapper functions automatically identi-
fied by RAPID. The last two columns show the name and source location of the
wrapper functions corresponding to the allocation sites of the conflicting mem-
ory accesses in the profiler’s output. These functions are identified based on the

iterative algorithm of RAPID and the profiler’s output.)

Benchmark | #WF Wrapper functions Source Location

Polybench 1 polybench_alloc_data polybench.c, line 557

parest_r 9 reinit vector.h, line 973

nab_r 5 ivector memutil.c, line 42

perlbench r 11 Perl _safesysmalloc util.c, line 133

scer 26 xmalloc xmalloc.c, li'ne 141,

xcalloc xmalloc.c, line 155

xalancbmk r 7 allocate MemoryManagerImpl.cpp, line 30

x264_r 10 X264 _malloc common.c, line 1102

blender 1 3 MEM _lockfree_mallocN | mallocn_lockfree_impl.c, line 300,
MEM lockfree_callocN | mallocn lockfree_impl.c, line 279

before returning it to the caller. Columns-3 and 4 of Table 6.1 show the sub-
set of identified wrapper functions and their location in the source code. These
functions correspond to the allocation sites of the conflicting memory accesses

in the profiler’s output.

During the profile phase and final code generation, calls to wrapper functions
are treated as allocation sites. As discussed earlier, our region-based allocator
receives the region-id in a thread-local variable. During the final code gener-
ation, RAPID stores the region-id in the thread-local variable before calling a
wrapper function that is eventually passed to the region-based allocator. Dur-
ing the profile phase, RAPID stores the unique identifier for the allocation site
in the thread-local variable before calling the wrapper function. The allocator
stores the allocation site passed by the caller (using the thread-local variable)

in the object header.

6.4 Evaluation

We evaluated RAPID on an Intel(R) Xeon(R) Silver 4116 CPU @ 2.10GHz 12-

core machine with x86_64 architecture, 32 GB primary memory, and the Ubuntu
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20.04.1 LTS operating system. We disabled hyper-threading during the evalua-
tion. We used 46 micro and real-world benchmarks for evaluation. These in-
clude 30 Polybench (v4.2.1) and 16 C/C++ CPU SPEC 2017 benchmarks. We
used the default input set for Polybench (i.e., large input set) and reference in-
put set for CPU SPEC 2017 benchmarks in our evaluation. In our experiments,
for all benchmarks, we reported the arithmetic mean of the execution times for
five runs. We obtained memory overheads by computing the percentage change

9

in the value of “maximum resident set size” using ‘“‘/usr/bin/time -v”’ command.
We used “O3” optimization level to compile the application in both phases.
We used the same input sets used for profiling to evaluate the performance of
our scheme. We also computed the worst-case overhead of our scheme. In
the worst-case, the information gathered during the profile phase never holds at
runtime. To compute the worst-case overhead, we insert the dynamic checks in
a way that the last check in the loop-versioning condition never holds. Con-

sequently, after executing disambiguation checks for all conflicting pointer pairs

in a loop versioning condition, the program always takes the unoptimized path.

6.4.1 Polybench Benchmarks

We now discuss the results for Polybench benchmarks. We obtained the per-
formance benefits by computing the percentage decrease in the execution time
of these benchmarks. The positive and negative numbers for performance ben-
efits represent the improvement and degradation over the native execution time

of the benchmark, respectively.

At first, we compiled and executed these benchmarks with restrict keyword
with option POLYBENCH_USE_RESTRICT, provided by Polybench. This option
attaches restrict keyword to the function arguments. Users can annotate
the function arguments with restrict to provide additional aliasing informa-
tion to the compiler. Compilers trust these annotations during code generation.
The restrict keyword informs the compiler that the pointer does not alias

with any other pointer. We performed this experiment to ensure that RAPID
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Table 6.2: Polybench performance benefits for restrict keyword Scout and
RAPID. (#R, = Number of regions identified by RAPID, #L, = Number of loops
versioned, P, = Performance benefits (in percentage), P, = Worst case perfor-
mance for RAPID when the dynamic checks always fail excluding the allocator’s
overhead (in percentage). Positive and negative numbers for performance bene-
fits and worst case performance represent improvement and degradation, respec-
tively.)

Restrict Scout RAPID
Benchmark Py #L, | P, | #R, |#L, | P P,
gesummy 46.04 1 14937 | 3 1 | 4758 | -0.1
2mm 3.88 2 | 422 2 2 3.36 | -0.09
3mm 4.63 3 4.28 2 3 4.3 |-0.09
bicg 53.32 1 | 5111 | 3 1 | 5294 | -0.07
doitgen 10 1 10.2 2 1 4.81 | -0.05
jacobi-1d -1.27 2 11.8 2 2 | 539 |-0.12
jacobi-2d 343 2 | 237 2 2 | 331 | -0.1

does not miss out any optimization opportunities enabled by the user annotation
using restrict. Column-2 of Table 6.2 shows the performance benefits of
these benchmarks using restrict. This table also shows the results obtained
when compiled with Scout [111] and RAPID. Column-3 and Column-6 show
the number of versioned loops with Scout and RAPID. Column-4 and Column-
7 show the performance benefits obtained using Scout and RAPID. Column-5
shows the number of regions needed for these benchmarks in our approach.
Column-8 shows our worst-case performance, which is essentially the overheads
of our dynamic checks. Notice that in the worst case, the program always takes
the unoptimized path after executing the dynamic checks. Table 6.2 shows the
benchmarks with more than 3% performance benefits in execution time with

RAPID.

For four out of seven benchmarks, namely, gesummv, 2mm, 3mm, and bicg,
the performance of RAPID, restrict, and Scout are similar. We observed
that the restrict annotation slowed down the performance of jacobi-
—1d. Our implementation of Scout exhibited similar behavior for this bench-
mark. This is because jacobi-1d failed to preserve the non-aliasing annota-

tions across the optimization passes, as also observed using Scout.
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For jacobi-1d, the improvement with RAPID is lesser than Scout, whereas,
for jacobi-2d RAPID performs better than Scout. We observed that the rea-
son behind this is the different allocators used in these benchmarks. Scout used
Jemalloc allocator. For jacobi-1d, Mimalloc performs better than Jemalloc,
and for jacobi-2d, Jemalloc performs better than Mimalloc. To further in-
vestigate this, we ran RAPID with Jemalloc. For this experiment, we modified
the loop-versioning condition to check if two addresses are different (this con-
dition is always true) rather than checking if the top 32-bits are different. No-
tice that the original loop-versioning condition is not valid for Jemalloc because
it doesn’t know anything about regions. In this experiment, RAPID reported
11.92% and 2.68% performance benefits for jacobi-1d and jacobi-2d, re-

spectively. Our implementation of Scout exhibited similar improvements.

The performance benefit for doitgen with RAPID is less than using
restrict keyword and Scout. We found that during compilation with RAPID,
loop invariant code motion moved instructions to perform *“xor” operations and
checking of top 32-bits to the outermost loop. This caused register pressure
during the register allocation, and a local variable was spilled resulting in addi-
tional memory accesses inside loop. To verify this, we disabled loop invariant
code motion after inserting the dynamic checks. We obtained performance ben-
efits of around 9.02% for this benchmark similar to restrict keyword and

Scout.

We observed that the slowdown introduced by the dynamic checks (Column-8
of Table 6.2) was always less than 0.13% for these six benchmarks. Moreover,
the slowdown was always less than 0.3% for all the 30 Polybench benchmarks.
These results indicate that the overheads of our dynamic checks are not high

for the Polybench benchmarks.

We compared our results with the hybrid approach (discussed in [24]). The hy-
brid approach uses both polyhedral [71-73] and symbolic range [74-76] analy-
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Table 6.3: Polybench speedups using rest rict keyword, hybrid approach [24],
Scout [111] and RAPID. (S,3 = Speedup using restrict keyword with LLVM-
3.6.0, S,10 = Speedup using restrict keyword with LLVM-10, S, = Speedup
using hybrid approach, S; = Speedup using Scout, S, = Speedup using RAPID.)

Benchmark | S35 | S,0 | Sp \ S

gesummy 1.86 | 1.86 | 2.5 | 1.98 | 1.91
bicg 2.14 | 2.14 | 2.7 | 2.05 | 2.13
gramschmidt | 1.01 1 14| 1.01 | 1.01

ses to compute the range based dynamic checks in O(1). Table 6.3 shows the
speedups for three benchmarks that resulted in substantial performance benefits
using the hybrid approach [24]. We found that the benefits reported by the
hybrid approach is better than our tool. Since the hybrid approach uses LLVM-
3.6.0, we performed another experiment using restrict keyword with LLVM-
3.6.0 to estimate the runtime of these benchmarks using the hybrid approach
on our machine. Table 6.3 shows the speedups obtained when restrict key-
word is used with LLVM-3.6.0 (Column-2), restrict keyword with LLVM-
10 (Column-3), the hybrid approach [24] (Column-4), Scout [111] (Column-
5), and RAPID (Column-6). We observed that these benchmarks show similar
speedups as that of Scout and restrict keyword with RAPID. We believe
that the performance improvement is lesser than the hybrid approach due to the

different processor versions.

For six benchmarks, namely, trmm, durbin, trisolv, floyd-warshall,
nussinov and seidel-2d, RAPID failed to insert the dynamic checks. Five
of these benchmarks perform load/store to the same array inside the loop, and
the remaining benchmark did not show any potential to be optimized further.
We also observed a similar behavior in Scout. We further verified that the
enabled set of optimizations for all of Polybench benchmarks was similar to

that of Scout by inspecting the IR.

Performance improvements for 23 benchmarks (other than those shown in Ta-

ble 6.2) is in the range of 0% to 2.52%. The maximum number of regions
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needed for these benchmarks is three. Our approach enables optimization op-
portunities such as loop invariant code motion, global value numbering, store
elimination, and efficient vectorization for these benchmarks, leading to perfor-

mance benefits.

For Polybench benchmarks, the memory overhead of our custom allocator lies
in the range of -0.68% to 0.09%, with a geometric mean of 0.03%. The CPU
overhead lies in the range of -0.73% to 0.5%, with a geometric mean of 0.03%.
Scout exhibited CPU overheads in the range of -2.55% to 5.3% for Polybench
benchmarks. The geometric mean CPU overhead in our approach is better than
the 0.21% geometric mean overhead observed using Scout. The absolute mem-
ory overhead for Polybench benchmarks is always less than 1% for both Scout

and RAPID.

Overall, the results for the PolyBench benchmarks show that RAPID can enable
performance improvements when loop versioning exposes additional optimization
opportunities, while introducing very low runtime overhead. In many cases, the
achieved performance is comparable to using the restrict keyword or Scout,
and the overhead from dynamic checks remains negligible. The results also
indicate that performance gains depend on the extent to which loop versioning

is applicable and preserved across compiler optimizations.

6.4.2 CPU SPEC 2017 Benchmarks

We now discuss the results for CPU SPEC 2017 benchmarks. We use two

metrics throughout this section,

1. Overhead represents the percentage increase. Positive and negative num-
bers represent the degradation and improvement, respectively.

2. Performance benefits represent the percentage decrease in the benchmark’s
execution time. Positive and negative numbers represent the improvement

and degradation in the execution time, respectively.
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Table 6.4: CPU and memory overhead for CPU SPEC 2017. (COs = CPU over-
head of the Scout’s allocator (in percentage), COr = CPU overhead of the RAPID’s
allocator (in percentage), MOs = Memory overhead of the Scout’s allocator (in
percentage), MOgr = Memory overhead of the RAPID’s allocator (in percentage).
Positive and negative numbers for overhead represent degradation and improve-
ment, respectively.)

Benchmark | COg | COgr | MOg | MOy

namd_r 0.51 | 0.08 | -2.22 | 0.11
parest_r 1.15 | 039 | 11.79 | 1.59
imagick r 0.37 | 036 | -0.32 | -0.02
nab_r 0.73 | -033 | 17.6 | 1.07
perlbench.r | 855 | 0.31 | 6.46 | 6.96
gcc.r 1.22 | -0.36 | 5.67 | -0.62

omnetpp_r 14.08 | 0.14 | 16.81 | -0.03
xalancbmk.r | 3.36 | -1.3 | 19.99 | 3.99
x264 -1.93 | 0.27 | 0.08 | 0.17
deepsjeng.r | 2.41 | 0.18 | 0.06 | -0.01
povray_r 11.87 | 0.13 | 36.79 | 5.46
blender_r 1.78 | -2.27 | 5.25 | 1.17
GM 301 | 02 | 7.54 | 1.62

CPU and memory overhead of the allocator. We first discuss our region-based
allocator’s CPU and memory overheads, shown in Table 6.4. Column-3 and
Column-5 show allocator’s CPU and memory overheads for RAPID, respectively.
We obtained the CPU overheads by computing the percentage change in the ex-
ecution times of the benchmarks when the allocator always allocates memory in
the default region and when the allocator allocates memory in the regions iden-
tified by the Region Inference (Section 6.2). We disabled loop-versioning

in this experiment.

The CPU overhead of RAPID’s allocator is always less than 0.5% with a geo-
metric mean of 0.2%, shown in Table 6.4. The memory overhead of RAPID’s
allocator is always less than 7% with a geometric mean of 1.62%. This over-
head is more than 3% for only three out of 12 benchmarks. Mimalloc allocates
at least one mi-segment (a large contiguous area) for every heap region.
mi-segment is further divided into pages that are used to allocate objects

of different sizes. In the case of multiple regions, Mimalloc needs to allocate
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at least one mi-segment for every heap region. Multiple mi-segments are
adding additional memory overhead in some benchmarks. For xalancbmk_r
and blender_r benchmarks, the multi-region allocation approach improved the
performance by 1.3% and 2.27%, respectively. We believe that this might be
due to the presence of multiple per-heap allocator caches with different regions.

Scout achieved similar speedup for the x264_r benchmarks.

Additionally, this table shows the CPU (Column-2) and memory (Column-
4) overheads of the allocator used by Scout [111]. Scout reported 3.36%,
8.55%, 11.87% and 14.08% CPU overheads for xalancbmk_r, perlbench_r,
povray.r, and omnetpp.-r. Due to the high overheads, Scout can’t be used
for these benchmarks despite some additional loops being versioned. Apart from
these, Scout reported more than 3% overheads for four benchmarks, which was
more than the benefits of loop-versioning in these benchmarks. On the other
hand, due to the low overhead of RAPID’s allocator, we could improve the per-
formance of all these benchmarks. The memory overheads in Scout is also sub-
stantial. For five benchmarks, the memory overhead in Scout’s allocator is more
than 10%. For these benchmarks, the memory overhead of RAPID’s allocator
is always less than 6%. The primary reason for the high memory overhead in
Scout’s allocator is the additional padding required to satisfy constraints on allo-
cation size and object alignment. RAPID doesn’t change the allocation size and
alignment of the objects. Based on the results, we can conclude that RAPID’s
allocator outperforms the allocator used by Scout for most of CPU SPEC 2017

benchmarks.

Performance benefits. We now discuss the performance benefits for the CPU
SPEC 2017 benchmarks. We compared the performance benefits obtained us-
ing RAPID with Scout. Table 6.5 shows the results for these benchmarks us-
ing RAPID and Scout. Column-4 shows the number of regions needed for
the benchmarks. Column-5 shows the number of versioned loops. Column-2

and Column-6 show the performance benefits excluding the allocator’s overhead.
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Table 6.5: CPU SPEC 2017 performance benefits for RAPID and Scout. (#R,
= Number of regions required, #., = Number of loops versioned, P, = Perfor-
mance benefits over native excluding the allocator’s overhead (in percentage), P,,
= Performance benefits over native including the allocator’s overhead (in percent-
age), P,,; = Performance benefits over native excluding the allocator’s overhead for
Scout in the absence of the profiler (in percentage), P, = Worst case performance
for RAPID when the dynamic checks always fail excluding the allocator’s over-
head (in percentage). Positive and negative numbers for performance benefits and
worst case performance represent improvement and degradation, respectively.)

Scout w/ Profiler RAPID Worst case
Benchmark | P, Py, #R, | #L, | Py, | Ppy | Pws | Pur
namd _r 0.51 0 2 9 |0.15]0.08 | -0.38 | -0.08
parest_r 0.73 -0.42 4 | 68 | 043004 -0.3 | -0.04
imagick_r 0.23 -0.14 2 4 1049 0.14 0 0
nab_r 0.27 -0.46 4 |21 |0.11 | 044 |-0.09 | -0.49
perlbench_r 0 -8.55 3 12 | 0.61 | 0.31 | -04 0
gccr 0.73 -0.49 4 |35 1064| 1 0.13 0
omnetpp_r 0.5 -13.58 2 6 074 0.6 | -1.79 | -0.05
xalancbmk r | 1.47 -1.89 3 34 | 1.69 | 297 | 0.88 | -0.47
x264 r 0.89 2.82 3 32 | 1.11 | 0.85 0 -0.07
deepsjeng_r | 0.49 -1.92 2 6 | 06 |042] -0.1 |-0.18
povray_r 0 -11.87 2 2 | 1.72 ] 1.6 | -2.11 | -0.17

4

blender_r 0.52 -1.26 30 | 09 |3.14 | -3.37 | -0.42

Column-3 and Column-7 show the overall performance benefits, including the
allocator’s overhead. The overall performance benefits (Column-3) for Scout are
approximate and computed based on the allocator’s overhead and performance

benefits observed during the experiments.

Table 6.5 shows results for 12 benchmarks out of 16. The remaining four
benchmarks did not show any performance benefits due to the following rea-

sons,

1. None of the loops shows potential to be optimized further (1bm_r, mcf-

_r).
2. Versioned loops never get executed (leela_r, xz_r) during the profile

phase.
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For comparison, we took the maximum improvement observed using Scout for
each benchmark across all configurations. Scout reported a performance im-
provement in the range of 0.23% to 1.47% (Column-2 in Table 6.5) for ten
benchmarks, excluding the allocator overhead. However, after considering the
allocator overhead, only one benchmark showed better performance (Column-3).
RAPID improved the performance of all 12 benchmarks in which the versioned
loops execute at runtime. After excluding the allocator overhead, the benefits
are in the range of 0.11% to 1.72% (Column-6). The overall improvements (in-
cluding allocator overhead) for these 12 benchmarks are in the range of 0.04%
to 3.14% (Column-7). For some benchmarks, the overall improvement is higher
because RAPID’s allocator performs better than the native in these cases. From
these results, we conclude that because of the low overhead of the allocator,

RAPID can improve the performance of a larger set of benchmarks than Scout.

Columns-4 and 5 in Table 6.5 show the number of regions and versioned
loops for these benchmarks. The maximum number of regions needed for these
benchmarks is four. In this experiment, we didn’t version loops that require

checks for objects allocated at the same site.

Column-9 of Table 6.5 shows the worst-case performance of CPU SPEC 2017
benchmarks with RAPID. Scout uses a profiler to filter loops that don’t show
improvement at runtime. We compare RAPID’s worst-case performance with the
performance of Scout without the profiler (Column-8 of Table 6.5). The per-
formance degradation ranges from 0.09% to 3.37% and 0.04% to 0.49% for
Scout and RAPID, respectively. Based on the results, the slowdown introduced
by Scout in the absence of the profiler could be as high as 3.37%. On the
other hand, the slowdown introduced by RAPID was always less than 0.5%,
even when the dynamic checks always led to a failure. We can conclude that
even in the worst-case scenario, the maximum slowdown introduced by RAPID

is not substantial and less than Scout.
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Table 6.6: CPU SPEC 2017 performance benefits handling memory allocations
inside the loops. (#L, = Number of loops versioned, P,, = Worst case perfor-
mance for RAPID across all configurations when the dynamic checks always fail
excluding the allocator’s overhead (in percentage), 7., = Threshold for maximum
number of regions available, P, = Performance benefits over native excluding the
allocator’s overhead (in percentage), COr = CPU overhead of the RAPID’s al-
locator (in percentage), MOr = Memory overhead of the RAPID’s allocator (in
percentage). Positive and negative numbers for performance benefits and worst
case performance represent improvement and degradation, respectively.)

Treg =8 Treg =16 Treg =32
Benchmark | #L, | P,, | COr | MOgr | Py COR | MOR | Py COr | MOR | Py
parest_r 69 |-025| 0.18 | 2.8 |-0.08| 0.25 | 3.85 | 0.15 | 0.46 | 5.14 | -0.08

xalancbmk r | 34 | -0.48 | -1.76 | 4.06 | -0.19 | -1.67 | 4.11 | -0.38 | -1.67 | 4.22 | -0.48
blender_r 31 | -037|-3.67 | 198 | -0.25 | -3.38 | 2.25 | -0.19 | -291 | 3.01 | 0.3

Table 6.7: CPU SPEC 2017 performance benefits using our loop filtering mecha-
nism with the threshold for number of iterations as 64. (#L, = Number of loops
versioned, 7., = Threshold for maximum number of regions available, P, = Per-
formance benefits over native excluding the allocator’s overhead (in percentage),
P,, = Performance benefits over native including the allocator’s overhead (in per-
centage). Positive and negative numbers for performance benefits represent im-
provement and degradation, respectively.)

Trog =0 Trog=8 | Trg=16 | T =32
Benchmark #Lv P b P ba #Lv P b P ba P b P ba P b P ba
parest_r 58 1043{0.04 | 59 | 0.08|-0.11 | 0.18 | -0.08 | 0.39 | -0.08

xalancbmk.r | 14 | 1.88 | 3.15| 14 | 095 | 2.69 | 085 | 2.5 | 1.7 | 3.34
blender_r 29 [ 1.19 | 3.43 | 30 | 0.07 | 3.72 | 0.19 | 3.55 | 0.54 | 3.43

We found that in three benchmarks parest_r, xalancbmk_r and blender-
_r, the allocation sites for conflicting accesses are the same. As discussed in
(Section 6.2.3.1), for conflicting allocation sites, we ask the user to provide the
maximum number of regions at compile time that is distributed equally among
the conflicting allocation sites after assigning regions to non-conflicting alloca-
tion sites. We executed these benchmarks with the maximum number of regions
8, 16, and 32. Table 6.6 shows the results of this experiment. Column-2 shows
the number of versioned loops. Column-3 shows the worst-case performance
when the dynamic checks always fail. Column-4, 7, and 10 show the CPU
overhead of the allocator for the different regions. Column-5, 8, and 11 show

the memory overhead. Column-6, 9, and 12 show the performance benefits af-
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ter excluding the allocator overhead. In xalancbmk_r, objects with conflicting
and non-conflicting allocation sites are accessed at different times. Therefore,

the number of versioned loops in Table 6.5 and Table 6.6 are the same.

As discussed, we allocate region-ids for these allocation sites from a set of ids
in a round-robin manner in the hope that the conflicting accesses would belong
to different regions. As we increase the number of regions, the probability of
dynamic check failure decreases. For parest_r, with eight regions, the dy-
namic checks failed 454792 times out of 67025062 (0.67%). However, none of
the checks failed with 16 and 32 regions. Similarly, for xalancbmk_r, the
checks failed for 90 out of 252267 (0.03%) times with our default approach.
This number was reduced to 16 (0.01%) with eight regions. For 16 and 32 re-
gions, none of the checks failed. For blender_r, none of the dynamic checks
failed for 8, 16, and 32 regions. After handling conflicting allocation sites,
RAPID could version all the loops versioned by Scout that are executed at run-
time. The maximum slowdown introduced by RAPID in the worst-case scenario
while versioning all the loops for parest_r, xalancbmk_r and blender_r

is still less than 0.5% (Column-3 of Table 6.6).

As shown in Table 6.6, the CPU and memory overheads of the allocator in-
crease with the number of regions. This is due to the additional cost of allo-
cating and accessing memory in multiple regions. Despite the degradation, the
CPU and memory overhead is always less than 0.5% and 6%, respectively. The
performance degraded (Columns-6, 9, 12) for all of these benchmarks when we
enabled loop-versioning (excluding the allocator overhead). Further investigation
revealed that versioning some loops with fewer iterations resulted in the gener-

ation of relatively unoptimized code for the rest of the function.

To improve further, we use a loop filtering mechanism. We disable loop-
versioning for loops with the total number of iterations is less than a specific

threshold. Table 6.7 shows the performance benefits for the different number of
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regions and loop filtering threshold 64. The zero number of regions is the case
when we don’t handle the conflicting allocation sites (as in Table 6.5). All the
benchmarks showed positive improvement after excluding the allocator overhead
(Columns- 3, 6, 8, 10). However, the overall performance of parest_r was
negative (Columns- 7, 9, 11) due to allocator overhead. The performance of
xalancbmk_r further improved from 1.69% (Table 6.5) to 1.88% when we

filtered loops with fewer iterations.

We performed the same experiment for other benchmarks as well. We also
experimented with different thresholds for loop filtering. However, there was no
noticeable improvement over the benefits shown in Table 6.5. We can conclude
that wisely filtering out the loops with small iterations can also improve the

performance of the benchmarks.

Impact of Data and Instruction Cache. To understand the impact of the change
in the memory layout, we computed the number of L1 data cache loads as
shown in Figure 6.6. The first, second, and third columns correspond to the
baseline, RAPID’s allocator without dynamic checks, and RAPID, respectively.
As expected, we didn’t observe any significant change in the number of loads
due to the allocator. However, when the dynamic checks are enabled, we ob-
served a reduction in the number of loads for nab_r and x264_r. This is
due to additional loop-vectorization and loop invariant code motion (LICM) op-
timizations enabled by RAPID. The vectorized code can load a 16-byte value
using a single instruction. Such loads are counted as a single L1 cache load.
The corresponding non-vectorized loop may use four 4-byte reads or two 8-byte
reads to read 16 bytes, which are counted as four and two L1 cache loads,
respectively. The LICM optimization reduces the number of L1 cache loads be-
cause the load is moved outside the loop. Figure 6.7 shows the percentage miss
in the L1 data cache. The cache misses are slightly low for the xalancbmk_r
benchmark with RAPID’s allocator. We believe that this is due to the change in

the memory layout. For xalancbmk_r benchmark, the RAPID’s allocator also
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performs better than the baseline as shown in Table 6.4. For other benchmarks,

the percentage of cache misses using RAPID’s allocator are almost similar.

For parest_r, xalancbmk_r, and blender_r, we also computed the num-
ber of L1 data cache loads and percentage miss for 256 regions. The number
of loads in billions and percentage misses for these benchmarks using RAPID’s
allocator were 1183 (9.79), 366 (10.84), and 522 (2.36), which is not very dif-
ferent from the numbers for small regions. Even with the dynamic checks, the

numbers are similar for 256 regions.

To understand the impact of the change in the code layout, we computed the
number of L1 instruction cache loads as shown in Figure 6.8. The first, second,
and third columns correspond to the baseline, RAPID’s allocator without dy-
namic checks, and RAPID, respectively. Except imagick_r and blender_r,
we didn’t observe any significant change in the number of loads due to the
allocator. Both these benchmarks use per-thread stacks because of the conflict-
ing stack allocations. Allocation and deallocation from per-thread stacks add
additional instructions that change the behavior of the instruction cache. With
dynamic checks, the number of instruction cache loads varies for more bench-
marks because of the optimizations enabled for the loop. The percentage miss
in the instruction cache misses is shown in Figure 6.9. The cache misses re-
duced significantly for deepsjeng_r benchmarks using dynamic checks. The
number of instruction cache loads was also reduced from 503 billion to 493
billion for this benchmark with dynamic checks (Figure 6.8). We believe this
might be due to the reduced code size of the optimized version of the loop.
The overall increase in the code size is negligible for most benchmarks except

for nab_r (1.09%) and deepsjeng.r (3.1%).

For parest_r, xalancbmk_r, and blender_r, we also computed the num-
ber of L1 instruction cache loads and percentage miss for 256 regions. The

number of loads in billions and percentage miss for these benchmarks using
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Figure 6.6: Number of loads (in billions) in data cache (1) for native, allocator,
and RAPID.
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Figure 6.7: Percentage miss in data cache (1) for native, allocator, and RAPID.

RAPID’s allocator were 465 (0.07), 207 (1.05), and 409 (0.28), which is not
very different from the numbers for small regions. For 256 regions, the num-

bers were similar with dynamic checks.

Profiler overhead. The overhead of the profiler includes the following:

1. Replacing stack allocations with Mimalloc allocation API and free (Sec-
tion 6.3).

2. Finding object headers at runtime (Section 6.3) to identify objects and
their allocation sites.

3. Storing the loop-related information to the log file (Section 6.2).
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The slowdown for the CPU SPEC 2017 lies in the range of 1.1% (nab_r)
to 751.87% (povray_r). We noticed that replacing stack allocations with Mi-
malloc allocation API and free contributed significantly to the slowdown for
these benchmarks. Replacing stack allocations with the Mimalloc allocation
API and free introduced slowdowns ranging from 0.55% (nab_r) to 251.87%
(povray_r). The slowdown lies between 0.55% (nab_r) to 50.28% (x264_r),

excluding the overhead incurred due to replacing stack allocations.

Overall, the results for the CPU SPEC 2017 benchmarks show that RAPID
maintains low allocator overhead while enabling performance improvements
across a broader set of benchmarks compared to prior approaches. The region-
based allocator incurs small CPU and memory overheads, which allows ver-
sioned loops to translate into net performance gains in many cases. Even when
dynamic checks fail, the worst-case slowdown remains low, demonstrating pre-
dictable behavior. Additional mechanisms such as profiling, region tuning, and
loop filtering further help identify profitable loops and reduce unnecessary over-
head. Together, these results indicate that RAPID provides a practical and robust

approach for improving performance on real-world applications.

6.5 Summary

This chapter presented RAPID, a profiling-guided tool that combines loop-
versioning with constant-time region-based dynamic checks to enable precise and
scalable pointer disambiguation at runtime. Unlike prior approaches that impose
significant CPU or memory overheads due to their allocator designs or dynamic
check mechanisms, RAPID uses profiling to selectively identify memory objects
that need disambiguation and allocates them in distinct regions. This targeted
allocation strategy minimizes runtime overhead while retaining the benefits of
high-precision alias information. Our evaluation showed that the number of re-
gions required across real-world benchmarks is small, making the region-based
allocator highly efficient. RAPID enabled a wide range of optimizations, includ-

ing load and store elimination, loop-invariant code motion, and vectorization by
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//nab_r

//sff.c 1193
//Improvement 29%
//prm is a pointer
//to structure.
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//nab_r

//prm.c 1217
//Improvement 30%
//prm is a pointer
//to structure.

//xalancbmk_r
//ElemStack.cpp 235
//Improvement 42%
//curRow is a pointer
//to structure.

for(i = 0; for(i = 0; for (; index < curRow
i < prm—->Natom; i < prm—->Natom; ->fChildCount;
it++) { i++) | index++)
pairlistnp[i] if(i + 1 == newRow[index] =
= NULL; prm—> curRow—>
lpairsnpl[i] = Ipres[res + 1]) fChildren[index];
upairsnp[i] = 0; res++;
} prm—>AtomRes [1i]
= res;

//x264_r
//macroblock.c 388
//Improvement 40%
//h is a pointer
//to structure.

//xalancbmk_r
//ValueVectorOf.c
/ /247
//Improvement 29%
//fCurCount is a

//xalancbmk_r
//BaseRefVectorOf.c
//282

//Improvement 69%
//fCurCount is a

//class member. //class member. for( int 1 = 0;
for (; index < for (unsigned int 1 < h->_refl;
fCurCount; index = 0; i++ )
index++) index < fCurCount; h->fdec—>
newlList [index] = index++) ref_pocl[l][i] =
fElemList [index]; newlList [index] = h->frefl[i]->
fElemList [index]; i_poc;

Figure 6.10: Loops showing a performance improvement of more than 20% from
CPU SPEC 2017 benchmarks in addition to the code snippets shown by Scout in
Chapter 5.

providing the compiler with accurate aliasing information within performance-
critical loops. As a result, the tool achieved measurable performance improve-
ments across all 12 CPU SPEC 2017 benchmarks where the versioned loops
were executed. These findings demonstrate that RAPID is both effective and
scalable for real-world applications. As future work, our approach can be ex-
tended to support function-level pointer disambiguation that could enable even

more aggressive interprocedural optimizations.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

This thesis explored how constrained memory allocation can be strategically
employed to perform efficient runtime pointer disambiguation, enabling precise
alias information in performance-critical regions of code. We demonstrated that
traditional static alias analysis used in production compilers, though scalable,
often sacrifices precision, resulting in missed optimization opportunities. To
bridge this gap, our first contribution introduced a profiling-based framework
to estimate the performance impact of improved alias precision. This frame-
work helped identify missing alias information and the specific optimizations
that could benefit from improved precision. Based on these potential improve-
ments, we concluded that there is a need for more precise yet scalable alias

analysis implementations in production compilers.

Building on these insights, we proposed two scalable runtime techniques to en-
able loop-level optimizations by increasing alias analysis precision. The first ap-
proach used a segment-based allocator that enabled constant-time disambiguation
checks using a single memory access by constraining the size and alignment of
all memory allocations. However, it also introduced CPU and memory over-
heads due to the constraints on all allocations, which limited its scalability for

certain real-world applications.
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To mitigate this overhead, our second approach selectively constrained mem-
ory allocations by assigning potentially conflicting allocations to different re-
gions. This region-based custom allocator maintained constant-time disambigua-
tion, avoided memory access during checks, and significantly reduced overhead.
Thus, this approach successfully scaled across all benchmarks we evaluated,
demonstrating its practical viability for real-world applications. However, its pri-
mary limitation lies in the need for a profiling step to identify which alloca-
tions require disambiguation checks, introducing additional runtime costs during

profiling.

Therefore, both techniques offer complementary trade-offs: the segment-based al-
locator avoids the need for profiling and is simpler to implement but constrains
all memory allocations, resulting in higher allocator overhead and limited scal-
ability. In contrast, the region-based allocator enables constant-time disambigua-
tion without memory access and improves scalability, but introduces additional

complexity due to its reliance on profiling.

Together, these contributions show that aggressive compiler optimizations reliant
on precise alias analysis, such as vectorization, loop-invariant code motion, and
dead store/load elimination, can be made scalable for real-world applications
through careful design of memory allocation strategies. By enabling constant-
time pointer disambiguation through constrained allocation, our techniques allow
compilers to safely apply optimizations that are otherwise blocked by conser-
vative alias assumptions. This not only improves runtime performance but also
broadens the applicability of advanced compiler transformations that were previ-

ously limited to idealized or restricted scenarios.

7.2 Future Work

This dissertation lays a foundation for scalable and precise alias analysis
through profiling and constrained memory allocation, opening up several promis-

ing directions for future research. Three such avenues include: (1) selecting

134



CHAPTER 7. CONCLUSION AND FUTURE WORK

alias annotations based on their practical impact on optimizations and perfor-
mance, (2) extending Horizon+ to be input-agnostic using symbolic analysis,
and (3) extending pointer disambiguation to support interprocedural optimiza-

tions.

7.2.1 Selecting alias annotations based on their practical impact
on optimizations and performance

Alias annotations can have widely varying effects on the performance of op-
timized code. While some annotations directly enable impactful optimizations,
others may lead to optimizations that end up degrading performance. Treating
all alias annotations as equally important can introduce unnecessary overhead
without proportional benefit. To address this, a data-driven approach can be

employed to learn which alias annotations have the highest payoff.

A supervised learning model can be trained using profiling data collected from
running multiple programs with different alias annotations (obtained using Hori-
zon+). Features such as loop structure, memory access patterns, control-flow
complexity, and cache behavior can be captured to correlate alias annotations
with resulting performance improvements. This model can help choose annota-
tions that consistently unlock useful optimizations. Ultimately, this would enable
the compiler to focus its resources on the annotations that actually matter for
performance, improving scalability while preserving the practical value of alias

information.

7.2.2 Symbolic Analysis for Input-Agnostic Annotations

Horizon+ captures aliasing behavior based on specific program inputs. While
effective in practice, this limits its ability to reason about unseen inputs. To
overcome this, we can augment the profiling phase with symbolic analysis tech-
niques. Symbolic analysis allows pointer and control-flow behaviors to be rep-
resented as symbolic constraints, enabling generalization across different inputs

and execution paths.
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By integrating symbolic reasoning with dynamic profiling, it may be possible
to infer alias relationships that are provably valid across most feasible inputs,
thereby reducing dependence on input-specific behavior. This hybrid approach
would allow Horizon+ to make conservative but sound generalizations about
aliasing behavior, improving its robustness and applicability to real-world op-

timization pipelines.

7.2.3 Function-Level Pointer Disambiguation

The runtime disambiguation techniques introduced in this dissertation have
primarily targeted loop-local transformations, effectively enabling optimizations
such as loop vectorization that significantly improve performance in critical ex-
ecution paths. However, many impactful compiler optimizations, such as ag-
gressive function inlining, and interprocedural constant propagation, operate at a
broader interprocedural scope and are currently hindered by conservative alias
assumptions across function boundaries. Addressing these limitations requires
alias information that spans functions, enabling the compiler to reason more

precisely across call chains.

To this end, our pointer disambiguation can be extended to support function-
level disambiguation using strategies inspired by prior work, such as [23]. Their
method clones functions under the assumption of non-aliasing arguments and
uses runtime checks to select between the optimized and original versions de-
pending on the aliasing behavior at the call site. By integrating this idea with
our approaches, alias resolution can be made interprocedural, allowing compil-
ers to apply more aggressive optimizations beyond loop scopes. This extension
would significantly broaden the coverage of our approaches while preserving

both precision and performance.
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