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Abstract

Scientific applications rely heavily on floating-point computations to model complex phe-

nomena in physics, chemistry, biology, and other scientific domains. However, floating-point

arithmetic is inherently imprecise and can lead to numerical inconsistencies that affect the

correctness and reliability of scientific software. Additionally, optimizing these applications

to efficiently utilize modern high-performance computing resources is a significant challenge.

This dissertation addresses these challenges through four complementary approaches

using program analysis and testing techniques to facilitate debugging and optimization

of scientific applications. First, we present Ciel, a tool that uses bisection search and

precision enhancement for enhanced isolation of compiler-induced numerical inconsistencies

in heterogeneous code, helping developers identify the expressions that cause unexpected

numerical behavior. Evaluation demonstrated 99.4% precision across 330 GPU programs

and real-world mini-apps. Second, we introduce CIGEN, a tool utilizing a multi-phased

approach, combining sampling, input clustering, and function optimization techniques to find

input ranges with compiler-induced numerical inconsistencies. On 175 GNU Scientific Library

functions, CIGEN found 53.4% more functions with high inconsistencies than prior work.

Third, we present FloatGuard, a dynamic testing approach for detecting floating-point

exceptions in AMD GPUs. FloatGuard successfully detected floating-point exceptions in

89.7% of evaluated programs (507 out of 565). Finally, we develop Muppet, a framework

to optimize the performance of OpenMP applications via source-based code transformation

and mutation testing. Muppet achieved performance improvements in 75.9% of evaluated

programs with a maximum speedup of 3.57x.
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Together, these contributions provide developers and researchers with practical tools

to improve the reliability and performance of scientific applications. Our evaluation on

real-world scientific codes demonstrates the effectiveness of these approaches in detecting,

localizing, and mitigating numerical issues while maintaining computational efficiency.
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Chapter 1

Introduction

1.1 Motivation

Scientific applications run on a variety of high-performance computing (HPC) systems to

facilitate research in fields of theoretical and empirical sciences. In particular, scientific

application development increasingly relies on heterogeneous computing, which uses a variety

of processing cores, such as multicore CPUs and GPUs, to accelerate code execution [1].

Some prominent examples of such systems are modern exascale computing platforms from

the US Department of Energy (DOE), such as El Capitan and Frontier, which include

massive numbers of CPUs and GPUs to achieve unprecedented computational throughput

via parallel processing. However, the use of heterogeneous computing paradigms introduces

new challenges, both in maximizing the parallelism of systems that run these paradigms, and

in ensuring the correctness of the resulting applications. These challenges are the focus of

this dissertation.

1.1.1 Floating-Point Correctness Issues

An important aspect affecting the correctness of scientific applications is their use of floating-

point computations. Floating-point arithmetic was invented around the same time as

computers and is capable of representing a much wider range of values compared to fixed-point

types with the same number of bits. Unfortunately, this characteristic of floating-point formats

means that they are prone to errors. Floating-point arithmetic does not respect the laws
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of association and may cause large errors from conditions such as catastrophic cancellation.

Additionally, its behavior may differ due to differences in standard interpretations such as

rounding modes and how to handle special values such as NaNs and infinities.

In particular, this dissertation addresses two specific types of floating-point correctness

issues: compiler-induced numerical inconsistencies, where different compilers or opti-

mization levels produce diverging numerical results, and floating-point exceptions, where

operations encounter limits in the representable range of floating-point types, such as overflow

or division by zero.

Compiler-Induced Numerical Inconsistencies

One issue stemming from the use of floating-point arithmetic is implementation-based: even

though standards such as IEEE 754 define how floating-point types and arithmetic work,

different hardware and compiler implementations may exhibit differences in terms of undefined

behaviors. Compiler optimizations are often the first method software engineers consider

when optimizing programs. Aggressive optimization options are also often invoked to push

program performance as much as possible. Additionally, switching, upgrading, or adding

support of compilers in the middle of a software project is a frequent industrial practice.

Unfortunately, such modifications on a project global scale can have a negative impact on

software reliability, particularly on floating-point arithmetic which could result in local errors

that may propagate to the final program’s output. Additionally, compiler flags that explicitly

relax IEEE 754 compliance, such as -ffast-math, may further exacerbate these differences.

When these differences manifest as diverging results in numerical programs, they are called

compiler-induced numerical inconsistencies.

In cases found in the literature, these compiler-induced numerical inconsistencies have

required significant effort and domain knowledge to isolate and fix. For example, a documented

case [2] in the Laghos (LAGrangian High-Order Solver) application [3] at Lawrence Livermore

National Laboratory occurred when the code was ported to the Sierra system using the IBM

xlc compiler. This triggered an inconsistency in the energy computed by the application

under xlc -O3 but not with xlc -O2. In another documented case [4], the Community

Earth System Model (CESM) failed its verification using the CESM-ECT quality assurance

2



framework when it was ported to the Mira machine at Argonne National Laboratory. Both

cases required weeks to months for scientists and engineers to identify the source code that

caused such failures.

Floating-Point Exceptions on GPUs

The implementation of floating-point arithmetic can differ across hardware and software

platforms. In particular, GPU floating-point implementations may deviate slightly from

strict IEEE 754 behavior, even when they nominally adhere to the standard. As a result,

variations in precision, compiler optimizations, or handling of special cases such as floating-

point exceptions (e.g., NaNs and infinities), can lead to discrepancies in results. Scientific

applications rely on reproducibility across all architectures, including GPUs. If exceptions,

such as NaNs, are not detected and handled, they can lead to inconsistent results across

different runs of the same computation, undermining the credibility of the results. Different

platforms may have different capabilities for detecting and handling floating-point exceptions,

and thus it is crucial to have tools that can detect and analyze these exceptions on each

platform.

1.1.2 Performance Optimization Challenges

Many scientific applications use a plethora of accelerator hardware such as GPUs and multi-

CPU clusters, along with parallel programming paradigms such as OpenMP, CUDA, and MPI.

It is important to ensure that hardware resources are sufficiently utilized by maximizing the

parallelism of these scientific applications. However, many scientific application developers

may not have the required knowledge to achieve optimal performance by following the best

practices laid out in the latest versions of their respective parallel programming paradigms.

Most performance optimization techniques focus on highlighting performance hotspots in

the program, but ultimately they rely on programmers to identify code modifications that

fix a performance problem or improve overall performance. Compiler optimizations improve

performance usually at the intermediate representation (IR) level; however, reasoning about

correctness at the IR level is much more difficult than at the source level. As a result, compiler

3



optimizations can leave optimization opportunities on the table, and IR-level optimizations

are not portable across compilers.

1.2 Dissertation Overview and Contributions

This dissertation addresses both correctness and performance challenges in scientific comput-

ing through program analysis and testing techniques. The first three technical chapters focus

on debugging floating-point correctness issues, while the final technical chapter addresses

performance optimization.

Chapter 2 presents Ciel (Compiler-induced Inconsistency Expression Locator), an ap-

proach and tool for isolating minimal code regions that cause compiler-induced numerical

inconsistencies in heterogeneous programs at the expression level. Using hierarchical search

and precision enhancement to pinpoint exact code expressions, Ciel provides a more efficient

bisection search compared to the state of the art for CPU programs and offers finer search

granularity than prior line-level approaches. The chapter includes motivating examples of

compiler-induced inconsistencies, detailed description of the hierarchical search and preci-

sion enhancement approach, evaluation on synthetic and real-world GPU programs, and

comparison with state-of-the-art CPU tools.

Chapter 3 presents CIGEN (a combination of Compiler-induced Inconsistencies and Input

Generation), a tool that complements Ciel by finding input ranges that cause significant

compiler-induced numerical inconsistencies in numerical programs. While Ciel answers

“where in the code does the inconsistency occur?”, CIGEN answers “which inputs trigger

high inconsistency errors?” using a multi-phase approach combining input-partitioned and

coverage-based random input sampling, input sample clustering, and differential evolution.

The chapter covers the multi-phase approach in detail, presents evaluation on 175 GNU

Scientific Library functions, and provides analysis of the characteristics of inconsistency-

inducing input ranges.

Chapter 4 presents FloatGuard, the first tool to detect floating-point exceptions in

HIP programs running on AMD GPUs. As HPC systems increasingly adopt AMD GPU

architectures, this work addresses the critical need for AMD GPU numerical debugging by
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utilizing hardware exception registers, assembly-level and source-level code instrumentation,

and debugger-guided execution. The chapter provides background on AMD GPU architecture

and exception handling, describes the design of the compiler wrapper and testing framework,

and presents evaluation on benchmark and synthetic HIP programs.

After establishing correctness through these three chapters, Chapter 5 shifts focus

to performance optimization. Chapter 5 presents Muppet (Mutation-Utilized Parallel

Performance Enhancement Tester), a mutation testing framework for optimizing OpenMP

parallelism while maintaining correctness. Muppet uses a multi-faceted approach combining

source-level mutation testing with optimization algorithms such as delta debugging, Bayesian

optimization, and decision tree optimization to automatically discover modifications to code

constructs and OpenMP directives that provide performance speedups. By generating and

evaluating source-level mutations applied to OpenMP directives, the tool helps developers

reason about performance optimizations at the source level rather than at the intermediate

representation or binary level. The chapter describes the mutation testing methodology

for performance, the classes of OpenMP mutations, integration with various optimization

algorithms, and comprehensive evaluation on benchmark programs and proxy applications.

Finally, Chapter 6 summarizes the contributions of this dissertation, discusses broader

impact, and outlines future research directions.
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Chapter 2

Ciel: Expression-level Isolation of

Compiler-Induced Inconsistencies

2.1 Problem and Motivation

As discussed in Section 1.1, compiler-induced numerical inconsistencies can have significant

impacts on scientific applications, requiring weeks to months of debugging effort. While

prior work has made progress on isolating these inconsistencies, significant gaps remain for

heterogeneous computing environments.

Limitations of Existing Approaches. FLiT [5] works at the function level, identifying

which function in a program is affected by compiler-induced inconsistencies. pLiner [2]

improves on this by isolating lines of code that cause inconsistencies. However, neither tool

targets GPU code, and neither isolates at the expression level. Since program statements

causing compiler-induced inconsistencies may include many floating-point operations involving

different operators, variables, constants, or function calls, isolating at the expression level

provides more precise insight into the inconsistencies, pointing users directly to their root

cause and potential fix.

Challenges in Heterogeneous Programs. Heterogeneous programs that combine CPU

and GPU code present unique challenges for inconsistency isolation: (1) GPU platforms lack

floating-point arithmetic beyond double precision, requiring support for extended precision
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libraries. (2) Built-in vector arithmetic on GPUs must be transformed to enhanced precision

during isolation. (3) Code written for different target platforms (CPU or GPU) requires

platform-specific transformations.

Our Approach. We present Ciel (Compiler-induced Inconsistency Expression Locator),

the first tool that automatically isolates numerical inconsistencies in heterogeneous programs

at the expression level. Ciel traverses the abstract syntax tree (AST) of each function and

performs a bisection search for all adjacent sibling code blocks, maintaining their adjacency

relationship. During precision enhancement, adjacent code blocks are either combined into

a single code region or have variable checkpoints where redundant type conversions are

removed. Ciel is the first tool capable of isolating code regions in heterogeneous computing

programs that, combined with compiler optimizations, produce inconsistent numerical results.

Contributions. The contributions of this chapter are:

• An approach for isolating minimal code regions that cause compiler-induced numerical

inconsistencies in heterogeneous programs, using a more efficient bisection search that

operates on simplified ASTs and provides finer search granularity at the expression

level (Sections 2.3.1 and 2.3.2).

• A precision enhancement strategy that more accurately reflects the resolvability of

inconsistencies under precision enhancement, and addresses challenges specific to

transforming heterogeneous code to higher precision (Section 2.3.3).

• An implementation of our approach in the tool Ciel, and an evaluation showing

efficacy at isolating inconsistencies in 330 synthetic GPU programs, NAS and Rodinia

GPU benchmarks, and the real-world mini-app CLOUDSC (Section 2.4.1), with higher

precision and efficiency compared to the state of the art (Section 2.4.2).

2.2 Background

2.2.1 IEEE 754 Floating-Point Representation

IEEE floating-point types are represented by three fixed-point components: the sign bit,

s, where 0 indicates a positive number and 1 indicates a negative number; the exponent
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Figure 2.1: Density of floating-point numbers between 1-32.

e, which determines the exponential range of the floating-point value; and the mantissa m,

which specifies the position of the value within the range defined by e. The interpretation

of m differs depending on whether e is zero or non-zero; when e is zero, the floating-point

number is within the subnormal range, which starts from zero, so that the floating-point

type can represent numbers that are even closer to zero. The IEEE 754 standard also defines

special values, such as infinity (Inf) and not-a-number (NaN), when e has all of its bits set to

1. These values correspond to situations where the limit of representing numbers is reached.

For example, a 64-bit double-precision floating-point number is represented by a 1-bit

sign, 11-bit exponent, and 52-bit mantissa. The real value of a 64-bit floating-point number,

using s,m, e, can be written as follows:

f64(s,m, e) =



Inf e = 2047, m = 0

NaN e = 2047, m > 0

(1− 2s)(1 +m)2e−1023 0 < e < 2047

(1− 2s)m2e−1023 e = 0

(2.1)

An important property of a floating-point type is its logarithmic distribution. Figure 2.1

demonstrates that (a) small floating-point numbers are more dense than large numbers,

and (b) the amount of unique floating-point numbers between two floating-point numbers is

measured in logarithmic terms. These properties are important to consider when we design

algorithms that operate on floating-point numbers.

2.2.2 Compiler Optimizations and IEEE 754 Compliance

Compilers for CPU and GPU code, such as GCC, Clang [6], and nvcc [7], offer various levels

of optimization flags from -O0 to -O3. With higher optimization levels, program performance

is improved, sometimes significantly, but at the cost of potentially generating non-compliant

IEEE 754-2008 floating-point code. There are optimization flags that explicitly violate the
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IEEE 754-2008 standard, but in cases where precision is of a lesser concern, they could offer

good speedups.

For example, the -ffast-math flag (or -use_fast_math in CUDA) enables a set of

aggressive floating-point optimizations including:

• Assuming no NaN or infinity values will occur

• Allowing reassociation of floating-point operations

• Using reciprocal approximations instead of division

• Flushing subnormal numbers to zero

Since compilers have significant freedom when generating floating-point code—particularly

when -ffast-math or other flags are used—operations can be re-ordered and/or replaced

in different ways, which induce numerical inconsistencies. Such behavior is not limited to

programs in native programming languages such as C/C++, and may in fact affect high-level

languages and libraries that are built on top of them, as shown in [8].

Simply disabling compiler optimizations, or increasing precision uniformly across an

application, may solve compiler-induced variability, but they are not practical solutions.

Instead, developers strive to find the root cause of these compiler-induced inconsistencies

and manually fix them to reduce their impact without disabling compiler optimizations.

Currently, identifying the root cause of such issues in heterogeneous programs is a manual

effort, requires domain knowledge, and is a time-consuming task.

Table 2.1: Inconsistencies in BT.S.

Compiler Options Runtime Error

nvcc -O0 0.104s 6.98176E-13
nvcc -O3 -use_fast_math 0.052s 9.73738E-13
clang -O0 0.349s 8.32928E-13
clang -O3 -ffast-math 0.059s 3.50905E-12

Consider the CUDA version of the

BT NAS program with input class S as

a concrete example. Table 2.1 shows

the program runtime and the maximum

relative error for each compiler and op-

timization flag combination. Using -O3

-use_fast_math with nvcc yields 100% speedup compared to -O0, but at the cost of the error

being 39% larger. Performance and error with Clang is generally worse, with the largest

error in clang -O3 -ffast-math being 403% larger than nvcc -O0.
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Issues mentioned in the introduction chapter and above are bound to occur when real-

world scientific applications are written or ported to new platforms. Automatically resolving

such issues without extensive domain knowledge would save a massive amount of time and

increase programming productivity.

2.3 Technical Approach

Problem Statement. Given heterogeneous programs with known compiler-induced nu-

merical inconsistencies, a practical problem for software developers is how to isolate the

expressions that cause such inconsistencies in a precise and efficient manner. Ciel is designed

with the goal of tackling this problem. Specifically, Ciel takes as input a program P and its

associated input, which under compilers C1, C2, ..., Cn and optimization flags Oi1, Oi2, ..., Oik

for each compiler Ci, produces inconsistent results. Ciel outputs the minimal region Rm

in m searches, which means that by generating program variants P ′
1, P

′
2, ..., P

′
m it isolates

the root cause of the inconsistency to a code region as narrow as possible. Below we present

definitions that will be used throughout the rest of the chapter.

Definition 1. The output of program P given a specific error threshold ϵ under compiler Ci

and optimization flags Oij is written as f(P, ϵ, Ci, Oij).

Definition 2. Compiler-induced inconsistencies occur if there are two sets of compiler/op-

timization flag combinations Ci, Oij and Ck, Okl, where f(P, ϵ, Ci, Oij) ̸= f(P, ϵ, Ck, Okl).

When any two sets of combinations have the same output, the inconsistencies are considered

to be resolved.

Definition 3. A region set R of a program P is defined as a set of regions in P , each of

which is a straight-line code fragment with an entry point and one or more exit points.

Definition 4. A region set Rm is minimal if (a) the inconsistency is resolved when code

in Rm is executed in higher precision, and (b) either Rm consists of only one expression, or

leaving any expression in Rm in lower precision would result in unresolved inconsistencies.

Ciel’s Workflow. The overall workflow of Ciel is illustrated in Figure 2.2. To find

the minimal region that causes the numerical inconsistency, Ciel performs hierarchical
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Figure 2.2: The workflow of Ciel.

bisection search on the source code—first between functions, then between code regions in the

suspected functions. Each iteration increases the search granularity. The search algorithm

identifies regions suspected of causing compiler-induced inconsistencies. For each region

R1, R2, ..., Rm, Ciel then creates a mutated variant of the program P ′
1, P

′
2, ..., P

′
m for which

code in the corresponding region is in enhanced precision. Whether the variant resolves

these inconsistencies is then used to guide the further, narrower isolation of source code that

triggers inconsistencies. The isolation process ends when region Rm satisfies the conditions

of a minimal region. The modules in Ciel are described below:

1 Hierarchy Extraction traverses the AST of the functions under analysis, extracting

information relevant to floating-point operations, and generating a simplified AST for these

functions. This is the entry point of the analysis.

2 Hierarchical Code Isolation performs a hierarchical bisection search on the simplified

AST to generate regions for subsequent precision enhancement.

3 Precision Enhancement increases the precision of the code regions identified by

hierarchical code isolation. The output is the transformed source code with the floating-point

operations in specific code regions written in higher precision.

4 Differential Testing compiles and runs the transformed program with specified

compilers and optimization flags in parallel. The output of these combinations of compilers

and flags is compared to determine if the compiler-induced inconsistencies are resolved.

11



The rest of the section describes modules 1-3 in more detail.

2.3.1 Hierarchy Extraction

The hierarchy extraction module traverses the program AST and extracts source code

hierarchy information for each function in the form of a simplified AST. The simplified AST

acts as a data exchange format between modules, and contains additional data specific to

Ciel that includes whether a node should be enhanced in precision (enabled/disabled), and

the list of all floating-point operations such as reads, writes, declarations, function calls, and

constants in every statement under a node. The simplified AST classifies statement structure

of a function into five node categories:

1. Each statement that ends with a semicolon (declaration, expression, and return/break)

is a statement node on the simplified AST. Each statement node also contains its

expression AST hierarchy.

2. A set of statements with only one entry point and one exit point is grouped as a basic

block (BB) node.

3. For a selection statement such as if-else or switch-case statement, one BB node is assigned

to each branch; and then a conditional block node is assigned for the whole selection

statement as a code block.

4. For a loop statement such as a for or do-while statement, one BB node is assigned to the

condition, another to the loop body, and then a loop block node is assigned for the

whole loop statement as a code block.

5. A function node is assigned to the whole function.

The relationship between a sample program and its simplified AST representation is

shown in Figure 2.3. Each expression statement (for-loop header in Line 2; if condition in

Line 6; statements in Lines 3, 4, 5, 7, 10) in Figure 2.3a has its own statement node, which

is organized into block nodes. The corresponding simplified AST is shown in Figure 2.3b.1

1Statements and blocks with no floating-point operations are recorded but excluded from precision
enhancement.
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1 void compute(/*var args*/){
2 for(int i=0; i<n; ++i) { //ST1 -3
3 comp = x-1.6f; //ST4
4 float t = +1.4697 E36f; //ST5
5 comp += t+1.4E-41f; //ST6
6 if (comp < sinhf(y)) { //ST7
7 comp = tanf(z); //ST8
8 }
9 }

10 printf("%.17g",comp); //ST9
11 }

(a) Sample function compute. Variables comp, x,
y and z are function arguments of type float.

compute

BB1 BB6

BB2 BB3

BB4 BB5ST1 ST2 ST3

ST4 ST5 ST6 ST7 ST8

ST9

(b) Simplified AST of compute. The inconsistency is in
ST6. Dark filled nodes are hierarchically isolated. Stripe
filled nodes are considered in the bisection search at each
level of hierarchy, but not isolated. White nodes are not
considered during bisection search.

Figure 2.3: Sample function and its simplified AST.

2.3.2 Hierarchical Code Isolation

When hierarchy extraction is complete, the simplified ASTs for all functions are output to

the hierarchical code isolation module. As code isolation progresses, it marks nodes on the

simplified ASTs as enabled or disabled depending on whether the node is still in consideration

as a potential cause of inconsistencies.

Bisection search is the basis for the approach, followed by a 1-minimal check [9]. Bisection

has shown to be an effective search strategy in the context of code isolation in CPU

programs [2, 5]. Ciel bases its search algorithm on the same idea of partitioning the program

into functions, code blocks, and statements, but improves on how the hierarchical search

is performed to reduce search time and improve precision. In particular, Ciel proposes a

refined hierarchical region isolation with the explicit goal of improving isolation accuracy

by reducing unnecessary type conversions when enhancing precision. Furthermore, unlike

previous work, Ciel explores expression-level granularity during the search.

Ciel isolates a minimal region of code amongst a set of code regions by recursively

bisecting suspicious code regions into two halves and verifying if enhancing either half

resolves the inconsistency (Line 1 in Algorithm 1). Hierarchical search first sets the whole

program in enhanced precision (Line 17 in Algorithm 1), then finds the minimal region in

increasing granularity, following two stages:
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Algorithm 1: Hierarchical Code Isolation.
1 Function BisectionSearch(regions) :
2 if regions.size() > 1 then
3 regions1, regions2 = ArraySplit(regions, 2);
4 if HasResolvedInHighPrecision(regions1) then
5 BisectionSearch(regions1);

6 else if HasResolvedInHighPrecision(regions2) then
7 BisectionSearch(regions2);

8 else
9 BisectionSearch(regions1);

10 BisectionSearch(regions2);

11 Function RegionIsolation(regions) :
12 BisectionSearch(regions);
13 foreach region in regions do
14 if region.hasSubBlocks() && region.inHighPrecision() then
15 RegionIsolation(region.getSubBlocks());

16 Function FuncIsolation(Funcs ):
17 Funcs.setHighPrecision();
18 BisectionSearch(Funcs);
19 minFuncs = Funcs.getHighPrecisionFuncs();
20 foreach func in minFuncs do
21 RegionIsolation(func.getBlocks());

1. Function Isolation. During the function isolation stage (Line 16 in Algorithm 1),

bisection search is performed at the function level, and the result is a minimal set of

functions that cause the inconsistencies.

2. Hierarchical Region Isolation. For each function isolated in the first stage, during

the hierarchical region isolation (Line 11 in Algorithm 1), bisection search is performed

at increasingly granular levels, from code block level to statement level, and ultimately

to expression level.

Ciel traverses the simplified AST of each function isolated in the function isolation stage,

and isolates child nodes of the current node(s) that cause the compiler-induced inconsistency:

from the child nodes of the function node, to child nodes of BB nodes, to all isolated statement

nodes, until within the smallest subexpression in a statement node, e.g., a variable, constant,

or function call. A difference of this code isolation method, compared to prior work, is that

these child nodes are continuous blocks or statements, which are split into two continuous

sets of code blocks or statements. For example, n continuous code blocks are split into the

first ⌊n/2⌋ blocks and the remaining n − ⌊n/2⌋ blocks. Combined with the region merge

pass (Section 2.3.3), all blocks are merged into as few continuous code regions as possible,
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reducing redundant type conversions. Section 2.4.2 shows that by removing redundant

type conversions, the transformed program can more accurately and efficiently reflect the

resolvability of compiler-induced numerical inconsistencies under precision enhancement.

Furthermore, given how statements in loops could accumulate errors that could exacerbate

compiler-induced inconsistencies, our bisection search prioritizes loop structures. Thus,

loop BBs at the current level of the AST hierarchy are isolated first. If inconsistencies are

resolved then the search is narrowed down to the identified loop BBs; otherwise the search

proceeds normally.

We use the sample function from Figure 2.3a to illustrate hierarchical region isolation

within a function. The statement that causes the compiler-induced inconsistency is in Line 5

(ST6 in Figure 2.3b). The algorithm first searches in the loop BBs at the top level, between

BB1 and BB6. The inconsistency is resolved with BB1 in enhanced precision, thus BB1 is

isolated and further split into BB2 and BB3. BB3 is isolated next, which is then split into BB4

and BB5, with BB4 then isolated and split into statements ST4, ST5 and ST6, from which the

constant expression 1.4E − 41f in ST6 is found to be the root cause of the inconsistency.

2.3.3 Source-to-Source Precision Enhancement

The precision enhancement module takes as input the marked simplified AST from the hier-

archical code isolation module, and produces a transformed program where all floating-point

operations in an enabled code region, whether it is a whole function or a continuous code seg-

ment, are in enhanced precision. Source-to-source program transformation allows the resulting

programs to be successfully compiled by the same compilers that trigger the original inconsis-

tencies. Furthermore, a source-level transformation, in contrast to IR or assembly level, is not

affected by aggressive optimization passes such as instruction reordering which would obscure

and obfuscate the boundaries between source code statements during binary generation.

Ciel detects and classifies CUDA host and device functions according to language-specific

modifiers in the AST, such as the __global__ and __device__ modifiers in the function

signature, and transforms code accordingly.

In terms of enhancing precision for CUDA kernels, while CPU programming platforms

generally natively support floating-point types beyond double precision, GPU platforms do
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not. Thus we design Ciel to support precision enhancement with custom extended precision

floating-point types that support operator overloading and math functions. Some examples of

extended precision libraries include CAMPARY [10] and CUMP [11], but only GPUprec [12]

fits the above criteria for integration. GPUprec only requires modest effort to be integrated

with Ciel. We use its quadruple precision type to perform precision enhancement because it

offers the most support for math functions.

Ideally, all code executed is available to Ciel when isolating code within a code region.

However, external functions whose code is not available may be called within a code region.

Even though it would not be possible to isolate individual expressions within such external

functions, isolating the function call site itself may still be helpful in isolating numerical

inconsistencies. In cases where inconsistencies exist in external functions, and an enhanced

precision version of the same function is available, replacing the original function calls

with calls to their corresponding enhanced-precision functions is expected to resolve the

inconsistencies. Thus, for functions called within enhanced code regions, Ciel automatically

replaces those given in a customizable replacement function list, most of which are math

library functions, with an enhanced precision version. In the example in Figure 2.3a, sinhf

and tanf would be replaced with sinh and tan, respectively. On the other hand, precision

enhancement of variables and constants consists of two stages: region and expression

transformation, with targeted strategies for different categories of variables.

Stage 1: Region Transformation. This stage enhances the precision of floating-point

operations in a specific code region including scalar variables, built-in vectors and constants.

Region transformation consists of three passes: region merge, variable categorization, and

code transformation.

Pass 1: Region Merge. This pass merges all basic blocks and statements to be enhanced

into as few continuous code regions as possible. Compared to prior work, this pass is

added specifically as an improvement in removing unnecessary type conversions in precision

enhanced code. If two adjacent code blocks on the same level of the AST hierarchy are to be

enhanced, then these blocks are merged into one single block. For example, ST5 and ST6 in
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Figure 2.3b are adjacent and on the same level in the AST, thus they are merged into one

block. If two adjacent code blocks that are on different levels of the AST hierarchy are to be

enhanced, we insert a variable checkpoint between them so that redundant type conversions

can be detected and removed during the Code Transformation pass. For example, ST6 and

BB5 in Figure 2.3b are adjacent but on different levels in the AST, a variable checkpoint is

inserted here so that there would be no redundant type conversions in between for variables

such as comp.

Pass 2: Variable Categorization. This pass iterates through all variable uses in a code region,

and categorizes scalar and built-in vector floating-point variables2 into four groups. Our

variable categorization algorithm is based on [2] which, in essence, separates read-after-write

variables in a code region that require allocating temporary storage from variables that

just require casting when referenced. We then categorize the read-after-write variables

into two groups based on whether the variable declaration is inside (reviseVars) or outside

(replaceVars) the code region since they require different transformation strategies. Finally

we group the variables that only require casting when referenced by checking if they are

only read (rdVars) or only written (wrVars). The last category (wrVars) was added in Ciel

to implement precision enhancement in GPU programs with custom extended precision

floating-point types described later in this subsection.

Pass 3: Code Transformation. This pass transforms variables according to their categoriza-

tion:

T1 For reviseVars, the declarations of these variables (originally inside the region) are

replaced with a temporary variable in higher precision; any reference to this variable

inside the code region is replaced with its corresponding temporary variable; the

declaration of the original variable is moved prior to the region’s exit points, and

initialized with the temporary variable.
2Pointers and array references are not categorized; their dereferences are directly cast.
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T2 For replaceVars, a temporary variable declaration is inserted at the entry of the region,

initialized with the value of the original variable (declared outside the region); any

reference to this variable inside the code region is replaced with the temporary variable;

the value of the temporary variable is assigned back to the original variable at region

exit points.

T3 For rdVars, any reference to the variable inside the code region is explicitly upcast to

higher precision.

T4 For wrVars, any assignment to the variable inside the code region is explicitly downcast

to lower precision (reads may occur only outside the region).

Lastly, type conversion statements from/back to original precision are inserted at the

entry/exit point(s) of a code region. Note that calls to functions that are not included

in the replacement function list are treated as special exit points of the code region, and

their arguments are cast to original precision prior to the function call. Additionally, if

the exit/entry of a code region is a variable checkpoint, Ciel finds all the variables shared

between the two code regions, and simply assigns the enhanced-precision replacement variable

in the first region to the one in the second region. By doing so, Ciel prevents redundant

type conversions between these two code regions.

Custom extended-precision floating-point types present unique challenges compared to

built-in floating-point types. C++ allows implicit conversions among floating-point types,

even when such conversions incur precision loss, such as from double to float. However,

such implicit conversions are not possible for custom floating-point types. For example

(assuming the type name is dd_real):

dd_real a = 1.0; dd_real b = a + 2.0;

There is ambiguity in a + 2.0, which can either be interpreted as an addition of two dd_real

values or two double values before assigning the result to b. For such code to pass compilation,

Ciel inserts explicit casts back to original precision in value assignments, function arguments,

and other possible situations. These explicit casts require Ciel to categorize variables that

are only written in a code region, hence a new category, wrVars, was added.
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Another challenge when enhancing the precision of CUDA kernels is built-in floating-point

vector classes. These classes provide vertex and matrix calculation in 2 to 4 dimensions and

are widely used. Ciel supports transforming built-in vector type operations to enhanced

precision, including type conversions for function arguments passed by reference or by

dereferencing. This requires creating temporary variables that are live only during the

function call. For this purpose, we implemented converter template class instances as

anonymous variables in function arguments. Upon construction, they accept a reference

or a pointer of the source variable, convert it to the target type, and provide a reference

or a pointer in the target type to the function calls. When the function call is finished,

destructors for these converter classes are invoked, and we assign the return value of these

references/pointers back to the original variable.

Stage 2: Expression Transformation. This transformation is only applied when the

code has been successfully isolated at the statement level. Specified subexpressions in each

isolated statement are converted to enhanced precision. Ciel traverses the AST starting

from the subexpression node, cast all variable reads and constants from subexpressions to

enhanced precision, and the whole subexpression is explicitly converted back to original

precision. For example, the subexpression b*2.0f in expression a = b*2.0f+c would be

transformed to (float)((double)b*2.0) in enhanced precision.

2.4 Experimental Evaluation

This experimental evaluation answers the following research questions:

RQ1 How effective is Ciel at isolating compiler-induced numerical inconsistencies in het-

erogeneous programs?

RQ2 How does Ciel compare with the state of the art in isolating compiler-induced

numerical inconsistencies in CPU programs?
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2.4.1 RQ1: Numerical Inconsistencies in Heterogeneous Programs

Benchmarks. We collected a total of 339 compiler-induced inconsistencies: 330 inconsisten-

cies observed in floating-point synthetic GPU programs, 5 inconsistencies triggered in NAS

Parallel Benchmarks for GPU (NPB-GPU) [13], 3 inconsistencies triggered in the CUDA

version of the Rodinia Benchmark suite for heterogeneous computing [14], and a real-world

inconsistency found in the C version of the ECMWF Cloud Physics mini-app CLOUDSC [15].

The synthetic GPU programs were generated with Varity [16], a framework that randomly

generates small programs written in CUDA C along with an input for which a numerical

inconsistency is observed when using nvcc -O3 -use_fast_math in comparison to nvcc -O0.

These programs use single-precision floating-point arithmetic, various C syntax mechanisms

such as for-loop and if statements, and calls to external math functions.

The CUDA NAS Parallel Benchmarks demonstrate the ability of Ciel to isolate compiler-

induced floating-point inconsistencies in programs originally written for CPU architectures and

ported to GPUs. These programs use double precision, which means the extended precision

capabilities of Ciel are used. On the other hand, the Rodinia programs are originally written

as heterogeneous applications for which single and double precision implementations are

available. Therefore, we use the version in single precision.

Finally, CLOUDSC is a standalone mini-app of the ECMWF cloud microphysics

parameterization, which tests the CLOUDSC cloud microphysics scheme of the ECMWF

Integrated Forecasting System (IFS). We choose CLOUDSC as a candidate to demonstrate

the efficacy of Ciel in finding compiler-induced inconsistencies in real-world applications, and

show its capability of adapting to other software platforms and languages supported by Clang.

Experimental Environment. We use a PC with octa-core Intel(R) i7-11800H processors,

and NVIDIA RTX 3070 GPU with 5120 CUDA cores, running Ubuntu 20.04 LTS. We use

Clang version 14.0.6 to perform source-to-source transformation, which supports CUDA SDK

versions up to 11.1 with Compute Capability up to 8.6. Clang 14.0.6 and nvcc 11.1 are also

the compiler versions we use to compile transformed GPU programs. For CPU programs,

we use gcc 9.4.0. Our methodology is independent of GPU models as long as they have the
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Table 2.2: Numerical inconsistencies in NAS, Rodinia and CLOUDSC programs.

Benchmark Program LOC Input Epsilon Compilation Command

NPB-GPU BT 5062 S 3.0e-12 clang -O3 -ffast-math
NPB-GPU CG 1868 S 1.1e-15 clang -O3 -ffast-math
NPB-GPU CG 1868 W 4.0e-16 clang -O3 -ffast-math
NPB-GPU LU 4437 S 1.9e-12 nvcc -O3 -use_fast_math
NPB-GPU MG 2349 W 2.9e-14 clang -O3 -ffast-math
Rodinia LUD 717 256 1.2e-5 nvcc -O0
Rodinia CFD 647 097K 7.2e-2 nvcc -O0
Rodinia CFD 647 193K 1.9e-1 nvcc -O0 & -O3 -ffast-math
N/A CLOUDSC 2593 N/A 1.0e-11 gcc -O3 -ffast-math

same Compute Capability. For all compilers, we considered two sets of compiler flags: -O0,

and -O3 with fastmath.

Methodology for Triggering Numerical Inconsistencies. The compiler-induced nu-

merical inconsistencies in NAS, Rodinia and CLOUDSC were previously unknown, and

were discovered through testing. Specifically, we rely on verification routines that compare

the relative errors in output values to an epsilon value ϵ to determine whether the results

meet accuracy constraints. A compiler-induced inconsistency exists if a program passes its

verification routines for some compiler settings but not for others.

For six of the NAS programs (BT, CG, FT, LU, MP and SP) and Rodinia LUD, we utilize

existing verification routines where results are either compared to precalculated ground truth

embedded in the program source code, or in the case of Rodinia LUD, the resulting two

matrices are multiplied and then compared against the original matrix. For the Rodinia

CFD Solver, we calculate the total density energy (TDE) as specified in [17] and compare it

to the reference TDE value precalculated by running the double-precision version of CFD

Solver compiled with nvcc -O0. For CLOUDSC, we compare relative errors for the main

variables at the end of program execution against ground truth precalculated by running the

original cloud scheme from IFS in FORTRAN.

We follow an existing methodology to trigger numerical inconsistencies, first introduced

in [2]. Specifically, we set the epsilon value ϵ between the minimum and maximum errors

observed amongst all compiler/optimization flag combinations for a given program, and

maximize the ϵ value such that the program passes its verification routines only for some
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compiler settings but not for others. Table 2.2 lists the inputs, epsilon values, and compiler

commands used to trigger each of the 9 numerical inconsistencies reported for these programs.

Evaluation Results. We find that Ciel is effective at isolating code responsible for

the numerical inconsistencies in 337 out of 339 instances (99.4%). In terms of isolation

granularity, Ciel isolates at expression level in 318 out of 339 instances (93.8%), while the

rest of the inconsistencies are isolated at line, block, or function level. Below we describe

the results per benchmark.

Synthetic GPU Programs. Ciel isolates all inconsistencies: individual expressions in

310 cases, a code block in 18, and a function in the remaining 2. We manually examined the

source code, inputs, outputs, and in some cases the assembly code of each program. Our

inspection revealed that Ciel correctly isolated 328 out of 330 (99.4%) inconsistencies while

only 2 (0.6%) were false positives.

We identified six categories of true compiler-induced numerical inconsistencies isolated

by Ciel. Table 2.3 lists these categories, the number of occurrences, and sample code. Note

that an inconsistency may belong to multiple categories.

The first four categories are purely related to floating-point operations. Subnormal

arithmetic indicates that subnormal numbers are involved in the floating-point operations.

Math functions are often involved in which extreme values may be computed differently

depending on the implementations. For example, nvcc compiles sinf() as a single fast

approximation instruction instead of a full function. Also in some cases, Inf or NaN values

are involved, which are not strictly IEEE 754-2008 compliant under fast math. We also

found that the results of some operations differ under different optimization flags due to

rounding errors.

The last two categories are related to the setup of the benchmark programs themselves.

We observed cases where resolving compiler-induced inconsistencies also required enhancing

the precision of their program inputs. And lastly, we found a few instances for which the

final line of code where the computation result is printed byte by byte is the cause of the
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inconsistency. This is because the result of the computation is subnormal when converted

from enhanced precision.

Table 2.3: Categorization of inconsistencies found in synthetic GPU programs.

Categories # Programs Percentage Sample Code

Subnormal Arithmetic 125 37.9% +1.8922E-42f + var_3
Inf or NaN Arithmetic 53 16.0% +1.3797E-35f / -0.0f
Math Functions 41 12.4% sinf(+1.0195E25f)
Rounding Errors 18 5.5% -16458 / 1.67329e-16

Program Inputs 164 49.7% N/A
Print Statements 11 3.3% N/A

As for false positives, we found two cases where Ciel isolates statements that have no

effect on the computation. Specifically, a variable is assigned a value that is immediately

overwritten by another value. These assignment statements are located inside a loop. When

the precision of the entire loop is enhanced, the inconsistency is resolved; but if only the

precision of the statements after the initial assignment is enhanced, the inconsistency persists

because of type conversions inserted by Ciel at the end of the region inside the loop.

Overall, Ciel took a total of 3 hours and 2 minutes to analyze all 330 programs, and 33

seconds per program on average.

Table 2.4: NPB-GPU and Rodinia Experiment Results. Time is given in mm:ss.

Statement Level Expression Level

Program Isolated Function Line(s) # Cfgs Time Exp. # Cfgs Time
BT.S exact_solution 1874-1886 10 1:23 zeta 20 2:10
CG.S sparse 1710,1722 18 1:23 size,shift 24 1:52
CG.W sparse 1710,1713,1765 19 1:34 size,scale 28 2:24
LU.S ssor_gpu_kernel_2 4023 8 1:03 tmp 11 1:15
MG.W rprj3_gpu_kernel 2045-2050 14 1:16 x2,y2 34 3:02
CFD 097K cuda_compute_step_factor 283 14 6:01 sqrtf, 26 10:10

speed_sqd
CFD 193K compute_speed_sqd 252 10 7:29 velocity, 40 22:11

257 speed_sqd
LUD 256 lud_internal — 17 1:16 — — —

NAS and Rodinia. Ciel isolated all 8 numerical inconsistencies in NAS and Rodinia

programs. Table 2.4 shows the results for each program for both statement and expression

level isolation. For BT.S, LU.S, MG.W, Ciel isolates variable expression(s) in one statement

that causes the compiler-induced inconsistency. In CFD 097K, Ciel isolates a function call
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with a variable parameter. For CG and CFD 193K, Ciel isolates 2 variables across 2 to 3

statements as the cause of the inconsistencies. In all cases above, the isolated expressions

are inside deeply nested loops, so even a slight offset can be accumulated into a larger

inconsistency that exceeds the error threshold. The only exception is the LUD program

where only a function, lud_internal is isolated. Upon inspection, the reason seems to be

that a variable sum is read and written throughout the function, affecting the whole matrix,

and any type conversion would cause the inconsistency to persist.

Ciel isolated each inconsistency within 22 minutes, used less than 20 searches (configu-

rations) for statement isolation, and used no more than 40 searches for expression isolation.

About 1%-5% of run time is used on code transformation.

CLOUDSC. Ciel isolated a constant expression (float)0.4 as the cause of the incon-

sistency. After looking further into the code repository [18] and reporting the issue to

ECMWF scientists, we confirmed Ciel’s result. It turns out ECMWF scientists had meant

to temporarily introduce a bug during testing with the type casting but had forgotten to

remove it; Ciel correctly suggests increasing the precision of that same argument to resolve

the inconsistency. Ciel took 7 minutes to isolate the inconsistency, from which 8% is spent

on program transformation.

Answer to RQ1: Ciel isolated 337 out of 339 inconsistencies in minutes with a precision

of 99.4%, which included 328 synthetic GPU programs, NAS and Rodinia programs,

and the mini-app CLOUDSC. In 318 cases (93.8%), Ciel isolated expressions. Manual

inspection revealed inconsistency characteristics, such as the involvement of Inf, NaN, or

subnormal numbers in arithmetic.

2.4.2 RQ2: Comparison with the State of the Art

Baseline. We compare Ciel to pLiner [2], the prior work for isolating inconsistencies at the

statement level in CPU programs.

Benchmarks. Due to pLiner capabilities, this evaluation is limited to CPU programs. We

adopt benchmarks from the publicly available pLiner repository (SHA ef94b40)3 originally
3https://github.com/LLNL/pLiner/commit/ef94b40
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used to evaluate pLiner, which include 50 floating-point synthetic CPU programs on Intel

CPU platforms, and 3 programs from the C version of the NAS Parallel Benchmark: CG.B,

SP.A, and SP.B. We use the same compiler, optimization flags, and error thresholds as

pLiner in our evaluation.

Evaluation Results. Ciel achieves more precise isolation results than pLiner for 84.9% of

the programs benchmarked. When isolating at the same statement level as pLiner, Ciel is

24.5% more efficient in terms of number of searches. The rest of this section describes the

results per benchmark.

Synthetic CPU Programs. In 42 out of 50 programs, Ciel successfully isolates code

at the statement level, and subsequently at the expression level. In 36 of these programs,

Ciel isolates the same statement (line) as pLiner. In the remaining 6 cases, Ciel isolates

at the statement level while pLiner can only isolate at code block or function level. Ciel

explores 29.7% fewer configurations to achieve this result. On average, Ciel explores 5.2

configurations for statement isolation compared to 7.4 configurations explored by pLiner.

Expression level isolation requires exploring additional configurations: 16.5 on average.

Table 2.5: NPB CPU Experiment Results. Time is in minutes:seconds.

Ciel Statement Level pLiner Statement Level Ciel Expression

Prog. Function Line(s) #Cfgs Tline Function Line(s) #Cfgs Tline Exp. #Cfgs Texp

CG.B sparse 814,819,876 19 16:23 sparse — 7 3:53 — — —
SP.A tzetar 65,69 16 6:56 y_solve 68 25 7:50 r4,t2 23 9:36
SP.B exact_solution 44-47 9 17:28 exact_solution 44-47 17 24:51 zeta 19 34:57

For the remaining 8 programs, there are two cases in which Ciel isolates a smaller code

block than pLiner. There are four programs for which neither Ciel nor pLiner can resolve the

inconsistencies by using precision enhancement. Lastly, there are two programs for which we

were not able to reproduce the numerical inconsistencies. Note that in these cases, pLiner still

proceeded with the search while Ciel immediately detected the absence of an inconsistency.

NAS CPU Benchmarks. Results for the NAS CPU benchmark are shown in Table 2.5.

In CG.B, Ciel isolates three statements in function sparse, which has 227 lines of code,

while pLiner can only isolate the whole function. pLiner stopped after it failed to resolve the
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inconsistency even when all basic blocks in sparse are in enhanced precision; Ciel prevents

this by avoiding unnecessary type conversions between basic blocks. In SP.B, Ciel first

isolates the same statement as pLiner in function exact_solution, and then further isolates

a variable. Finally in SP.A, Ciel and pLiner isolate different functions (tzetar vs. y_solve)

due to exploring different areas of the search tree. We confirmed that precision enhancement

of either function resolves the inconsistency. If we were to limit the search in Ciel to only

explore function y_solve, then Ciel would isolate the same statement as pLiner. Ultimately,

Ciel isolates two variables.

In terms of efficiency, Ciel uses fewer configurations than pLiner to isolate inconsistencies

in SP.A (16 vs. 25) and SP.B (9 vs. 17) at the statement level. Ciel uses more configurations

for CG.B (19 vs. 7), but it isolates the same function with only 4 configurations, and isolates

at a finer granularity. Expression isolation requires an additional 7 and 10 configurations for

SP.A and SP.B, respectively.

Answer to RQ2: Ciel shows comparable or superior results in isolating the inconsistencies

in 44 out of 48 (92%) synthetic CPU programs and the NAS programs. Overall, Ciel

isolates inconsistencies at the same level of granularity as pLiner but with higher efficiency,

or at a finer level of granularity with an additional cost, in particular in the case of

expression isolation.

2.4.3 Threats to Validity

While our evaluation set of programs is large and diverse, our results may not generalize to all

applications. Also, compiler-induced numerical inconsistencies are input dependent, thus it

is possible that other inputs could trigger additional inconsistencies in the same code regions,

or elsewhere. Complementary use of dynamic analysis or code coverage information may be

useful. Ciel does not handle non-deterministic applications, but some of such programs could

still be analyzed by removing certain sources of non-determinism for testing purposes [19].

Ciel’s implementation only handles a subset of C/C++ and CUDA platform constructs.

Features such as anonymous functions or the auto keyword, introduced in C++11, are

not currently supported. Handling some of these features may require a new approach in
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simplified AST generation and code isolation. Nevertheless, given how Ciel can differentiate

between host and device code, it could be adapted to any platform supported by the Clang

compiler frontend, such as OpenMP and OpenCL [20].

Code isolation may be further impacted by special floating-point values such as ±0.0,

Inf, and NaN. The processing of these values, if consistent across precisions but inconsistent

between different optimization flags, may become a blind spot for precision enhancement. The

choice of extended precision library may also impact search results and efficacy. GPUprec,

for example, has known issues with math functions when it should return NaN but returns

zero instead, which could affect isolation results. Finally, Ciel requires source code when

enhancing precision. However, if the source code for a function is not available, Ciel may

still isolate the call site if an enhanced precision variant of the function exists.

2.5 Related Work

This section discusses related work in detecting and isolating numerical errors, and in testing

compilers and numerical code.

2.5.1 Detecting and Isolating Numerical Errors

Several tools have been developed to detect or isolate numerical errors in programs. The

most closely related to Ciel are those that target compiler-induced numerical inconsistencies.

Compiler-Induced Inconsistency Isolation. pLiner [2] isolates known compiler-

induced numerical inconsistencies in C/C++ CPU programs at the line level. pLiner’s

approach also includes hierarchical code isolation and precision enhancement as a method to

isolate inconsistencies. Unlike pLiner, Ciel works on heterogeneous programs, which pose

unique challenges when isolating numerical inconsistencies, as described in Section 2.3.3.

Furthermore, Ciel isolates inconsistencies to the expression level rather than lines. FLiT [5]

generates and runs custom-made tests under different optimization levels to trigger compiler-

induced numerical inconsistencies, which are then isolated at the function level only. Com-

pared to Ciel, FLiT does not employ precision enhancement for inconsistency isolation, and

focuses on CPU programs.
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Other Numerical Error Detection Tools. There are also tools that automatically

detect or isolate specific categories of numerical errors but not compiler-induced inconsis-

tencies. FPChecker [21] is a tool that automatically detects floating-point exceptions in

GPU applications, which also uses Clang to transform CUDA code, but it does so at the IR

level. While FPChecker operates on GPU programs, it does not isolate compiler-induced

numerical inconsistencies. FPChecker also inspired other tools, such as Predoo [22] in the

field of precision testing for Deep Learning (DL) operators.

Shadow Execution Techniques. PFPSanitizer [23] detects numerical errors by per-

forming shadow execution with higher precision in parallel. Shadow execution with precision

enhancement is also employed by Herbgrind [24] and FPDebug [25] with the goal of finding

floating-point precision errors. While these tools share the concept of precision enhancement

with Ciel, they focus on detecting floating-point precision errors rather than isolating

compiler-induced numerical inconsistencies.

2.5.2 Testing Compilers and Numerical Code

Ciel transforms source code in small increments and tests whether numerical inconsistencies

are resolved. This approach is inspired by prior work on compiler mutation testing and

differential testing.

Compiler Mutation Testing. Le et al. [26] introduce equivalent modulo inputs (EMI)

which mutates programs on unexecuted paths to expose compiler bugs that incorrectly exe-

cute these paths. ClassFuzz [27] uses EMI by mutating Java classfiles on predefined mutation

operators, and send them to various JVM implementations for differential testing. Zhu and

Zaidman [28] propose new mutator operations alongside conventional ones to expose bugs

in GPU programs, but their work does not involve floating-point arithmetic. HeteroFuzz [29]

introduces a multi-pronged fuzzing approach to detect platform-dependent divergence in het-

erogeneous programs running on FPGAs, using techniques including dynamic probabilistic mu-

tations to reduce the long latency between invocations to hardware simulators. Overall, none

of the above tools focus on exposing or isolating compiler-induced numerical inconsistencies.

Differential Testing. Ciel performs differential testing to check whether compiler-

induced inconsistencies exist by providing the same input to a series of programs compiled
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from the same source code but with various compilers and optimization flags. Differential

testing has been applied before to numerical programs. FPDiff [30] performs differential

testing between automatically identified synonymous functions across various numerical

libraries to identify inconsistencies between the results from these functions under certain

inputs. Unlike Ciel, FPDiff tests different implementations of a given function, and it does

not consider different compilers or optimization flags.

2.6 Conclusion

With scientific code ported or developed on GPUs, compiler-induced numerical inconsistencies

can arise at various stages of development. Unfortunately, automatic tools to isolate such

problems are nonexistent, which harms productivity in GPU computing. In this chapter,

we demonstrate a practical method to identify the root cause of such inconsistencies in

heterogeneous code. We implemented our approach in the tool Ciel based on the effective

bisection search algorithm, and improved over the state of the art for CPU programs in both

efficiency and accuracy. Most importantly, Ciel addresses a number of challenges to handle

heterogeneous code. Our evaluation on synthetic GPU programs, GPU benchmarks, and real-

world mini-app shows the effectiveness of Ciel at isolating inconsistencies in heterogeneous

code with a precision of 99.4%.
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Chapter 3

CIGEN: Input Range Generation for

Compiler-Induced Inconsistencies

3.1 Problem and Motivation

Limitations of Existing Approaches. Previous research, including Ciel presented in

the previous chapter, has studied how to diagnose compiler-induced inconsistencies for a

specific input. Tools such as FLiT [5], pLiner [2], and Ciel [31] can identify the function,

line, or expression in a program that is associated with an inconsistency. However, the main

limitation of such tools is that they can only diagnose the inconsistency location for a specific

input i out of all the program inputs I—usually i is given by the programmer to the tool,

and it is confirmed that an inconsistency occurs for i between a specific set of compiler and

optimization flag combinations.

The Input Range Question. A more general set of questions to ask are: Given

a program P, what inputs j, k, . . . ∈ I, in addition to i, also activate compiler-induced

numerical inconsistencies? How do we find such inputs for P? For all the inputs in I that

we know induce inconsistencies, which input induces the largest inconsistency (or error)?

As HPC code is ported and tested in different environments, these are crucial questions to

answer—having a better understanding of the inputs that cause such inconsistencies and
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the error they introduce helps programmers better address such inputs in their code before

testing, and effectively safeguard their programs against these inconsistencies.

Recently, CIV [32] addressed a similar question—finding an input which triggers high

compiler-induced numerical inconsistencies in programs. However, CIV is limited to finding

one inconsistency-inducing input, not input ranges, and its requirement of comparing LLVM

IR-based instruction traces limits their use when it comes to compilers not built on LLVM.

Our Approach. We present CIGEN (Compiler-induced Inconsistencies and Input

Generation), which finds input ranges that cause high compiler-induced inconsistencies in

numerical programs. Given the observed characteristics of compiler-induced inconsistencies

in numerous routines, we propose a multi-phase approach: first CIGEN performs input-

partitioned and coverage-based random sampling to gather an initial set of input points that

cause inconsistencies; then groups these input points into clusters and generates non-tight

input ranges; finally, employs dense sampling and differential evolution (DE) [33] in each

input range to discover inconsistency characteristics.

Contributions. The contributions of this chapter are:

• A multi-phase approach for finding input ranges with inputs that cause significant

compiler-induced numerical inconsistencies in a program, combining input-partitioned

and coverage-based random input sampling, input sample clustering, and differential

evolution (Section 3.3).

• A platform and compiler independent implementation of our approach in the tool

CIGEN. Users provide as input a program with floating-point inputs and a floating-

point output, and CIGEN outputs a number of ranges in the input domain, each with

statistics of inputs that cause compiler-induced inconsistencies.

• An evaluation on 175 functions from the GNU Scientific Library that shows that

CIGEN compares favorably against the state of the art in terms of the number of

functions found with inputs that trigger high compiler-induced inconsistency, time

usage, and result stability (Sections 3.4.2 and 3.4.3).
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• An investigation into characteristics of inconsistency-inducing inputs found by CIGEN,

and into the difference in source code that causes these compiler-induced numerical

inconsistencies (Section 3.4.4).

3.2 Background

3.2.1 Quantifying Numerical Inconsistency

It is important to establish a standard in how we calculate inconsistencies between outputs

from two program variants. Since both outputs are of limited precision, metrics from

comparing one limited precision number to an infinite precision counterpart, such as relative

error or even unit in last place error (ulp error) does not accurately show the extent of

the inconsistencies. Therefore we follow the method used in Herbie [34], originally from

STOKE [35], where we simply calculate the amount of floating-point numbers between the

two outputs, then get its base-2 logarithm. We call it inconsistency error.

E(x, y) = log2|{z ∈ FP|min(x, y) ≤ z ≤ max(x, y)}| (3.1)

Under this equation, the maximum inconsistency error possible for FP64 is E(1.79e +

308,−1.79e+308) = 63.99. Additionally, how inconsistency errors are calculated when either

x or y is a special value such as inf or NaN is shown in Table 3.1. Note that there is a baseline

column in the table, even though unlike precision error calculation in tools such as Herbie,

there does not exist a baseline calculated with infinite precision when calculating inconsistency

error between two numbers; though in practice, we may still define a certain compiler and

optimization flag combination as baseline to determine the degree of an inconsistency.

In this chapter we use clang -O0 as a baseline. We choose this specification for two

reasons: first, if the baseline result is a special number, the function input domain likely

does not include the current input, thus the inconsistency from the current input is not of

practical concern; second, NaN values usually result from instructions with inf as operands,

therefore it is fair to treat them as inf when calculating inconsistency errors.
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Figure 3.1: A subset of sampled inputs for the GSL function gsl_sf_Airy_Ai and the inconsistency
error they have induced. A Red dot is an input that does not trigger inconsistency, while a green dot
is an input that does. All negative input values outside of the plot have an inconsistency error of
zero and are thus omitted.

3.2.2 Compiler-Induced Numerical Inconsistency

Table 3.1: Inconsistency error when at least one of the values is a special value.

baseline (x) other (y) inconsistency

inf or NaN any 0.0
normal values +/-inf E(x, y)
normal values +/-NaN E(x, +/-inf)

A compiler-induced numerical inconsistency is an inconsistency shown in output values

that come from running programs compiled from the same source code under different compil-

ers and/or optimization flags. An example of a real-world function is the gsl_sf_Airy_Ai()

GSL function. With input −973569893418508.1, if compiled with clang -O0, the return

value would be −6.314246267753519e+ 77; but if compiled with clang -O3 the return value

would be 0.00010100276891802863. The inconsistency error introduced here is 63.161, which

is very close to the maximum possible inconsistency error of 63.99 for FP64.

Next, we formally define compiler-induced numerical inconsistency in terms of input.

Suppose we have two floating-point representations of the same function under two different

compiler/optimization flag combinations, one baseline y0 = f0(x), one yopt = fopt(x). Then,

we can define an inconsistency function with an input x as follows:

Incf (x) = E(f0(x), fopt(x)) (3.2)
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Therefore, to study the characteristics of compiler-induced numerical inconsistencies is to

study the characteristics of Incf (x) itself; to find an input x that maximizes compiler-induced

inconsistency is to find a local or global maximum of Incf (x).

During our preliminary research, we found that Incf (x) functions may exhibit complex

characteristics. As an example, we compile the GSL function gsl_sf_Airy_Ai() with clang

-O0 and clang -O3 -ffast-math separately into two binaries, run both with 25,000 randomly

generated inputs from the [−∞, 0] input domain, and calculated the inconsistency error

triggered by each input. First we observe that for all sampled inputs, except for the input

range shown in Figure 3.1, Incf (x) is zero. This makes finding at least one input that causes

inconsistency a prerequisite of finding input ranges that contain high inconsistency errors.

Second, when we focus on inputs in the range [-1e-30, -1e-8] and the inconsistency errors

they trigger which is shown in Figure 3.1, it is evident that the inconsistency function has

numerous local minimums and maximums, and thus difficult to express in polynomial terms;

simply employing widely used global optimization strategies such as Bayesian Optimization

(BO) [36] or Markov Chain Monte Carlo (MCMC) [37] on the whole input domain may

not be suitable for functions like this. Lastly, when the input value is around -3e+1, there

is no clear boundary where all inputs inside the boundary cause inconsistencies, and all

inputs outside the boundary cause no inconsistencies. This means that defining a clear-cut

boundary with a limited number of samples is difficult.

To better address the characteristics of inconsistency functions as shown above, we propose

a novel, multi-phase method to study the characteristics of compiler-induced inconsistencies

which will be discussed in Section 3.3.

3.3 Technical Approach

The workflow of CIGEN consists of three phases: first, domain-partitioned sampling and

coverage-based random sampling are performed to generate sampling points in the input

domain whose inconsistencies are then calculated; second, input clustering is used to generate

"candidate input ranges" (CIR) where sample inputs that cause inconsistencies exist; lastly,

dense sampling and DE are performed for each CIR to find the statistics of inputs in the
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Figure 3.2: CIGEN: Tool Workflow.

CIR, such as the average and maximum inconsistency errors. The visualized workflow of

CIGEN can be found in Figure 3.2.

Since floating-point numbers have logarithmic distribution, all subroutines in this al-

gorithm are either run on the logarithmic scale such as the clustering algorithm and the

optimization algorithm, or that exponents and mantissas are treated separately such as

generating random floating-point numbers from randomized exponent and mantissa. We go

into detail in the next subsections.

3.3.1 General Input Sampling

The first phase in our algorithm is general input sampling, which combines two different

methods of generating inputs and testing them to determine whether they trigger compiler-

induced inconsistencies: domain-partitioned sampling and coverage-based sampling. The

goal of this phase is to find a set of inputs that trigger compiler-induced inconsistency before

we can categorize them into groups in the next phase. The algorithm for this phase is shown

starting from Line 16 in Algorithm 2.

In this phase, CIGEN generates a set of sample points which are deemed representative

of the characteristics of the inconsistency function Incf (x) in the input domain. The first

step of the algorithm, called domain-partitioned sampling, is to partition the floating-point

input domain of the program, FP, into several partitions, based on the exponent part of

the floating-point number. The partitions are predefined in the case of FP32 and FP64 in

CIGEN, and can be customized depending on the floating-point types used in the program.

For FP64 programs which are evaluated in this chapter, the partition CIGEN uses is similar

to the many-range partition used in XSCOPE [38]:
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Algorithm 2: The multi-phase algorithm in CIGEN.
1 Function RandomFloat(Domain):
2 Signj =rand (0, 1);
3 Expj =rand (Domain);
4 Mantj =randmantissa ();
5 return Signj , Expj ,Mantj

6 Function TestInc(x, Sa, Sz):
7 inc = Incf (x);
8 MaxInc =max (inc,MaxInc);
9 if inc > 0 then

10 Sa = Sa ∪ {(x, inc)};
11 else
12 Sz = Sz ∪ {(x, inc)};
13 return inc

14 Function MainAlgorithm(Incf , n):
15 // General Input Sampling
16 Sa, Sz, ExpSet1...n = ∅;
17 for i← 1 to K1 do
18 for j ← 1 to n do
19 Signj , Expj ,Mantj =RandomFloat(FPrand());
20 ExpSetj = ExpSetj ∪ {(Signj , Expj)};
21 x =combine (Sign1...n, Exp1...n,Mant1...n);
22 TestInc(x, Sa, Sz);

23 for i← 1 to n do
24 foreach (Sign,Exp) /∈ ExpSeti do
25 for j ← 1 to n do
26 if i = j then
27 Mantj =randmantissa ();
28 Signj , Expj = Sign,Exp;

29 else
30 Signj , Expj ,Mantj =RandomFloat(FPrand());

31 x =combine (Sign1...n, Exp1...n,Mant1...n);
32 TestInc(x, Sa, Sz);

33 // Input Clustering
34 CIR = ∅;
35 for Sai, Szi in each orthant do
36 Ci1, . . . , Cim =ClusteringByAbsLog (Sai);
37 foreach Cij in Ci1, . . . , Cim do
38 (BBj ,MaxIncj ,MaxXj) =MinBoundingBox (Cij);
39 enlarge BBj by points in Szi;
40 CIR = CIR ∪ (BBj ,MaxIncj ,MaxXj);

41 // Search Within Candidate Input Ranges
42 for CIRi in CIR do
43 for j ← 1 to K2 do
44 for k ← 1 to n do
45 Signk, Expk,Mantk =RandomFloat(CIRi);
46 ExpSetj = ExpSetj ∪ {(Signj , Expj)};
47 x =combine (Sign1...n, Exp1...n,Mant1...n);
48 inc=TestInc(x, Sa, Sz);
49 replace MaxInci,MaxXi if inc > MaxInci;

50 DifferentialEvolution (Incf , CIRi,MaxXi);
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F = N−
max,−21020,−2333,−232,−23,−1,

− 2−3,−2−32,−2−333,−2−1018, 0, 2−1018, 2−333,

2−32, 2−3, 1, 23, 232, 2333, 21020, N+
max (3.3)

fp0 = N−
max, fp1 = −21020, . . . (3.4)

FP0 = |fp0, fp1|,FP1 = |fp1, fp2|, . . . (3.5)

CIGEN uses this input partition because the sampling rate is higher in partitions with

very small (close to subnormal), close to 1.0, and very large (close to infinite) floating-point

numbers. Our assumption is that numbers in these partitions are likely to trigger floating-

point exceptions such as underflow or overflow, thus causing compiler-induced numerical

inconsistencies. Compared to XSCOPE, CIGEN uses values which are powers of 2 as

boundaries of each input partition instead of powers of 10. CIGEN then randomly chooses a

particular partition FPi = |fpi, fpi+1| and then generates a random floating-point number

within FPi. Since floating-point numbers are logarithmically distributed, if floating-point

numbers are generated in FPi with uniform distribution, in cases where fpi is much smaller

than fpi+1, for example, if fpi = 1 and fpi+1 = 32 as shown in Figure 2.1, the value closest

to fpi+1 is 16x more likely to be selected. To mitigate this issue, CIGEN instead randomly

generates an exponent and a mantissa with uniform distribution, while keeping the resulting

floating-point value within FPi. In this way it is guaranteed that any floating-point number

in FPi has the same probability of being selected, whether the number is closer to fpi or

fpi+1. This step is then repeated K1 times. The time complexity of this step is O(2n) where

n is the number of input parameters.

Coverage-based Sampling. The next step is coverage-based sampling. CIGEN collects

a set of exponent values for each input parameter that are not covered by the inputs generated

in the first step. For example, if the exponent value 100 did not appear in previously generated

inputs for input parameter 1, then 100 will be added to set 1. Then CIGEN selects an

exponent value from set 1, combines this exponent with a random mantissa as input parameter
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1, generates other input parameters using domain-partitioned sampling described in the

first step, and tests this set of input parameters to see the inconsistency error it triggers.

Continue this selection process until all exponents in set 1 have been selected, then repeat

the same process in set 2, until all exponents in all sets are selected. The goal of this step is

to make sure that for all input parameters, every possible exponent value can be found in

at least one input. The time complexity for this step is O(e · n) where e is the number of

possible exponents for the floating-point type, and n is the number of input parameters.

The inputs generated by both steps above are tested for compiler-induced numerical

inconsistency. If an input triggers an inconsistency, the input is added to Sa, otherwise it is

added to Sz. Both sets of inputs, along with the inconsistency errors they trigger, are sent to

the next phase where they are used in determining the bounds of input ranges that contain

inconsistency-inducing inputs.

3.3.2 Input Clustering

The input clustering phase is shown starting from Line 34 in Algorithm 2. It takes the two

sets of inputs from the previous phase, Sa and Sz, categorizes them into various groups

according to the relative proximity between inputs using hierarchical agglomerative clustering,

and generate a candidate input range (CIR) for each group.

𝑃1

𝑃2

𝑃3

𝑃4

𝑥2

𝑥1

Figure 3.3: An example showing how to calculate a CIR from a set of input points that cause
inconsistencies in larger green dots, and input points that do not cause inconsistencies in smaller red
dost. Green box shows the minimum bounding box for the green points, while the red box shows the
candidate input range calculated for this set of inconsistency-inducing inputs.
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First, CIGEN categorizes Sa and Sz into multiple subsets according to the orthant each

input belongs to. The reason for this is that the clustering algorithm used in this phase

calculates the Euclidean distance between points on the logarithmic scale, and floating-point

numbers in different orthants cannot be put on the same logarithmic scale. For example, if

X ∈ Sa& sign(x) = (+,−), then X ∈ Sa(+,−). This means that all inputs in this subset have

the same sign configuration: the first input parameter is positive, and the second is negative.

We now use the subsets Sa(+,−) and Sz(+,−) to describe the algorithm in this subsection.

Second, for each subset where all inputs belong to the same orthant, all parameters in

Sa(+,−) are transformed to the logarithm of the absolute value, then CIGEN runs a clustering

algorithm to categorize them into different groups. Specifically, CIGEN uses hierarchical

agglomerative clustering [39] due to the fact that this algorithm does not require a predefined

number of clusters to run, and that CIGEN does not know beforehand how many clusters

there are. The end result is a list of groups (subsets) Sa(+,−)1, Sa(+,−)2, ..., Sa(+,−)r.

Lastly, CIGEN calculates a CIR for each Sa(+,−)k where 1 ≤ k ≤ r. An example is

shown in Figure 3.3. CIGEN first calculates a minimum bounding box (green rectangle in

the figure) for the inputs in Sa(+,−)k (green dots in the figure), then for each axis (x1 and

x2) representing each input parameter, CIGEN finds one point in Sz(+,−) outside of the

minimum bounding box and closest to the lower bound on the current axis (P1 and P3 for

axes x1 and x2 in the figure), then update the lower bound on the current axis to this point;

then finds another point in Sz(+,−) outside of the minimum bounding box and closest to the

upper bound on the current axis (P2 and P4 for axes x1 and x2 in the figure), then update

the upper bound on the current axis to this point. Repeat this process for all axes and the

updated bounding box becomes the new CIR. CIGEN then gathers all CIRs and sends them

to the next phase.

3.3.3 Search Within Candidate Input Ranges

The third phase of the CIGEN algorithm identifies characteristics of each CIR sent from

the last phase, including average and maximum inconsistency. CIGEN achieves this by

running a two-step optimization algorithm on each CIR. The algorithm can be found starting

from Line 42 in Algorithm 2.
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First, for all CIR, CIGEN runs dense sampling with the same input sampling method

as domain-partitioned sampling in Section 3.3.1 K2 times to gather data on statistics of

inconsistency-inducing inputs in the CIR. The end results are the average of inconsistencies

triggered by sampled points, and a maximum inconsistency along with its triggering input.

This information is then sent to an optimization algorithm.

There are many optimization algorithms available for both approximating a function and

finding the global maximum/minimum. We have previously shown in Section 3.2.2 that the

inconsistency function Incf (x) (a) has numerous local minimums and maximums, and thus

it is difficult to express in polynomial terms; and (b) no bound can be inferred where all

inputs inside the bound cause inconsistencies, while all inputs outside the boundary cause no

inconsistencies. Thus CIGEN uses differential evolution [33] to locate the global maximum

of the inconsistency function Incf (x) in the CIR. DE is selected because it is a genetic

algorithm where current candidates are improved upon by mutations.

CIGEN uses logarithmic scaling for each input range to be optimized. This makes

the process of finding maximums more efficient when input ranges are large. Thus the

inconsistency function is transformed as:

Inc′f (x) = E(f0(2x), fopt(2x)) (3.6)

where x is between the logarithm of minimum and maximum values in the input range.

The input in the CIR that CIGEN currently reports to trigger maximum inconsistency error

is also sent to DE as an initial population, in order to speed up the optimization process.

Once all DE processes are finished, the maximum inconsistency between all local maximums

found will become the reported global maximum.

3.4 Experimental Evaluation

This evaluation answers the following research questions:

RQ1 How effective is CIGEN at finding inputs that trigger large compiler-induced inconsis-

tencies in comparison to the state of the art and a general-purpose approach?
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RQ2 How time-efficient is CIGEN in comparison to the state of the art?

RQ3 How many input ranges can CIGEN find with inconsistency-inducing inputs, and what

information can we infer from these input ranges?

3.4.1 Experimental Setup

Benchmarks. We evaluate CIGEN on 175 functions from the GNU Scientific Library

(GSL) [40] version 2.7. GSL is a numerical library for C and C++ programmers that provides

a wide range of mathematical routines, such as linear algebra, differential equations and

special functions. Our evaluation of GSL focuses on all library functions with floating-point

input and output, consisting of 175 functions, most of which are special functions such as

Bessel and hypergeometric functions. Amongst these functions, 122 are single-parameter

functions, while the rest 53 are multi-parameter.

We assume that the input domain of these functions is FP64n, where n is the number

of input parameters, unless the input domain of a function is explicitly stated in the GSL

documentation. There are 47 functions out of 175 where there are input domain specifications

in the GSL documentation. One example is the input domain for gsl_sf_bessel_K1(x)

which is x > 0. This is a valid assumption because inputs outside of the input domain have

no valid meaning in the mathematical sense and may return an inf or NaN value.

Programs under evaluation are compiled and tested with Clang 16.0.6. Inconsistencies

are calculated by comparing results from two binary variants of the same program, one

compiled with -O0 and the other with -O3 -ffast-math. This applies to both CIGEN and

CIV (both the original paper and our implementation), for a better comparison.

Baselines. The closest work to CIGEN in terms of finding inputs that trigger compiler-

induced numerical inconsistencies is CIV [32], which for a given program generates an

input that triggers a large compiler-induced inconsistency. Thus, we compare CIV and

CIGEN in their effectiveness to find large inputs that maximize compiler-induced numerical

inconsistencies. The source code of CIV is not available publicly, and the CIV authors

declined our request for source code. Thus, for better comparison under the same runtime
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environments, we have implemented the algorithm in CIV, and set up its parameters

according to the specifications in this chapter.

Since our focus when comparing with the state of the art is in maximizing inconsistencies,

we also adapt a general algorithm that finds inputs that cause large errors. Specifically, we

use the Binary Guided Random Testing (BGRT) method, implemented in S3FP [41]. This

baseline is also used by the CIV authors in their evaluation.

Algorithm Parameters. We specify the number of random samples in both domain-

partitioned sampling steps (Section 3.3.1 and Section 3.3.3) with K1 = K2 = 256 · 2n, where

n is the number of input parameters of the function. We use the scikit-learn [42] machine

learning library to implement agglomerative clustering (Section 3.3.2), with parameters as

follows: n_clusters=None, distance_threshold=0.2, metric=’euclidean’, linkage=’single’.

This means we use the minimum Euclidean distance between input points as the criteria

for determining whether two points belong to the same cluster. Lastly, we use SciPy [43]

to implement differential evolution (Section 3.3.3) with parameters: updating=’deferred’,

popsize=20, maxiter=50.

CIGEN and CIV run until termination, thus do not require a budget. For BGRT, we

follow the specification given in [32] and set a budget of T = 60 · 2n seconds, where n is the

number of input parameters of the function.

Runtime Environments. We use a PC with an 18-core Intel(R) i9-10980XE processor

with 256 GiB RAM running Ubuntu 22.04 OS in our evaluation. While the core algorithms

for each tool are run serially, the process of measuring the compiler-induced numerical

inconsistencies for every input is run in parallel, utilizing all CPU resources.

Table 3.2: Number of GSL functions for which CIGEN, CIV, and BGRT have discovered input
that causes an inconsistency error higher than 48, 32, 8, and 0, respectively.

Method >48 >32 >8 >0

CIGEN 125 (71.4%) 127 (72.6%) 133 (76.0%) 163 (93.1%)
CIV 81 (46.3%) 94 (53.7%) 110 (62.9%) 155 (88.6%)
BGRT 20 (11.4%) 20 (11.4%) 22 (12.6%) 35 (20.0%)
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3.4.2 RQ1: Effectiveness in Triggering Large Inconsistencies

We first evaluate the effectiveness of CIGEN in finding inputs that trigger large compiler-

induced inconsistencies in comparison to CIV and BGRT. We consider two evaluation

metrics: the number of GSL functions for which a compiler-induced inconsistency is triggered,

and the average of maximum inconsistency errors discovered for these functions.

Functions with Triggered Inconsistencies. Table 3.2 shows the number of GSL functions

for which the tools can find inconsistency-inducing inputs with error higher than 48, 32, 8,

and 0, respectively. CIGEN finds inputs that cause high inconsistency error of 48 or more

in 125 functions. This is 54.3% more functions than CIV, which triggers such error for 81

functions. On the other hand, BGRT can only find inputs triggering inconsistency error of 48

or more in 20 functions. Note that CIGEN’s 125 functions are a superset of the 81 functions

from CIV and the 20 functions from BGRT, which means that all high compiler-induced

inconsistencies discovered by CIV and BGRT can also be found by CIGEN. Even when

considering smaller inconsistencies, e.g., 8 or higher, CIGEN triggers inconsistencies in a

larger number of functions: 133 vs. 110 in CIV and 22 in BGRT.

We further discuss the results based on whether a function is single- or multi-parameter.

Out of 122 single-parameter GSL functions tested, CIGEN finds inputs that trigger 32 or

higher compiler-induced numerical inconsistency error in 80 of them. In contrast, CIV can

only find inputs for 51 functions. CIGEN shows 56.9% improvement over the state of the art.

In contrast, BGRT can only find such inputs for 14 functions. On the other hand, among 53

GSL functions with multiple input parameters, CIGEN finds inconsistency-inducing inputs

of error 32 or higher in 47 of them, while CIV triggers such errors in 43 functions, a 9.3%

improvement. BGRT can only generate inputs for 6 functions. If we consider functions for

which an error of 8 or higher is triggered, the improvement of CIGEN over CIV is smaller:

CIGEN triggers inconsistencies in 84 single-parameter functions vs. 64 with CIV, a 31.3%

improvement; and in 49 multi-parameter functions vs. 46 with CIV, a 6.5% improvement.

And again, BGRT performs unfavorably against the other two, with 16 single-parameter

functions and 6 multi-parameter functions.
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Figure 3.4: The number of functions with various ranges of maximum inconsistency error discovered
by CIGEN, CIV and BGRT. CIGEN finds inputs that trigger high inconsistency error (>48.0) for
more functions than CIV and BGRT.
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Figure 3.5: Box plot showing the statistics of stability ratio between the tools for all 175 functions
tested. The boxes show the range between the first to the third quartile of results, and the whiskers
show the interquartile range. The flier points show stability ratio outside of the interquartile range.

Maximum Average Inconsistency Error. The average inconsistency error triggered on

average by CIGEN is 43.40 (38.25 for single-parameter functions and 55.26 for multi-

parameter functions) vs. CIV’s average of 32.33 (22.51 for single-parameter functions and

51.41 for multi-parameter functions), and BGRT’s average of 6.81 (6.72 for single-parameter

functions and 7.02 for multi-parameter functions). The statistics of peak compiler-induced

inconsistencies of all functions can be found in histogram form in Figure 3.4. From the

histogram, we observe that the maximum inconsistencies of most functions for all tools
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are distributed in the 0-8 and 48-64 regions, with CIGEN successfully triggering higher

inconsistencies for more functions (see the 48-64 region).

From our manual inspection of the results, we can group the compiler-induced inconsisten-

cies CIGEN discover into three categories: (1) smaller (<8) inconsistencies that are accumu-

lated from multiple rounding errors; (2) inconsistencies that are close to 52, where the output

from clang -O3 -ffast-math is zero while the output from clang -O0 is subnormal (or close

to subnormal); and (3) inconsistencies close to the maximum possible inconsistency error of 64,

either from an instruction that generates special numbers such as inf or NaN, or from sign flips.

Result Stability. Given CIGEN and our baselines utilize random testing, indeterminacy

can be a potential issue affecting effectiveness. To evaluate how indeterminacy impacts the

maximum inconsistency error triggered by the tools, we use the same method specified in [32]

to compare the stability between CIGEN, CIV and BGRT. We run each of the three tools

on the same 175 GSL functions 30 times and calculate the stability ratio for each function

tested, which is defined as the ratio of the standard deviation ρ to the mean µ: Cv = ρ
µ .

The result is shown in Figure 3.5. Judging from the box plot, we can first conclude

that BGRT performs more stably than both CIGEN and CIV. However, since BGRT

performs much less favorably than CIGEN and CIV, the stability shown here simply means

it performs consistently worse than the other two. When we compare CIGEN and CIV,

we can see that (1) the interquartile range from CIGEN is much smaller than the one from

CIV; and (2) in terms of flier points, which indicate functions for which the tools are least

stable, CIGEN still performs more stable than CIV. Thus we conclude that CIGEN is more

stable than CIV in finding inputs that cause maximum inconsistencies.

Comparison with Original CIV Results. As noted earlier, we did not have access to the

original implementation of CIV (Section 3.4.1), and thus all results discussed in this chapter

were obtained through our own implementation. Nevertheless, it is important to note that

when directly compared to the results presented in [32], CIGEN is even more effective than

reported in this chapter. From Table 3.2 we know that CIGEN finds inputs that cause

inconsistency error higher than 48 in 71.4% (125 out of 175) of functions, compared to 46.3%

(81 out of 175) in our CIV implementation and 30.4% (48 out of 158) reported in the CIV
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paper. Therefore, we can conclude that CIGEN is superior to both the original and our

implementation of CIV in terms of maximum inconsistency error discovered.

Answer to RQ1: CIGEN and CIV perform closely in terms of finding an input that

triggers compiler-induced inconsistencies at all, even though CIGEN is still slightly ahead;

on the other hand, CIGEN is superior to CIV and BGRT in finding inputs that maximize

compiler-induced inconsistencies in both single- and multi-parameter functions. Finally,

simply adapting a general-purpose approach for maximizing error is not effective for

compiler-induced inconsistencies.

3.4.3 RQ2: Time Efficiency

In this section we evaluate the efficiency of CIGEN and compare it with the state-of-the-art

tool CIV.1 CIGEN finds at least one inconsistency-inducing input for 163 out of 175 functions

(see Table 3.2). For these functions, CIGEN takes an average of 17.95 seconds to generate

inputs. For the remaining 12 functions, CIGEN takes an average of 1.31 seconds to conclude

that no inconsistency-inducing input is found. On the other hand, our implementation of

CIV takes on average 155.15 seconds to generate inputs that trigger inconsistencies in 155

out of 175 functions. For the remaining 20 functions, it takes 44.73 seconds on average

to determine that no inconsistency-inducing input is found. Thus, CIGEN is 8× faster

than CIV in finding inconsistency-inducing inputs, and determines that no such input is

found 33× faster. Figure 3.6 plots the running time of each of the 175 functions, regardless

of whether an inconsistency is triggered. Functions are sorted in ascending order by their

running time using CIGEN.

To investigate how the tools compare when time is limited, we select one of the

functions with the longest runtime for both tools: the multi-parameter function

gsl_sf_hyperg_2F1_renorm. We evaluate how much time it takes for the tools to

first discover an input that causes a high inconsistency error. Figure 3.7 shows the maximum

inconsistency error discovered over time. From the figure we can observe that CIGEN finds

an input that triggers an inconsistency error of 63 just after 1 second. Meanwhile it takes
1BGRT is given a fixed budget to run (see Section 3.4.1) and thus is not included it in this comparison.

Figure 3.6 includes BGRT only for reference.
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Figure 3.6: Running time for all 175 functions tested, in ascending order by the running time on
CIGEN, along with the running time ratio of Time(CIGEN)/Time(CIV). Running time for BGRT
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Figure 3.7: Maximum inconsistency error discovered over time for function
gsl_sf_hyperg_2F1_renorm for the evaluated tools. Statistics after the first 40 seconds
are omitted when the maximum inconsistency error for the tools no longer changes.

28.95 seconds for CIV to achieve the same result. It is possible to use CIGEN to find an

input that triggers a compiler-induced inconsistency as high as possible within a given budget.

We found only one function, gsl_sf_multiply, for which CIGEN takes longer than CIV.

From our observation, this is because DE is constantly updating its population with inputs

that cause a minuscule amount of increase in inconsistency error, therefore the optimization

algorithm takes a long time to finish. However, even when its total running time is higher,

CIGEN still finds a large inconsistency-inducing input faster than CIV. Specifically, CIGEN

only takes 5 seconds to find an input that causes an inconsistency error higher than 60, while

CIV takes 47 seconds to achieve the same result.
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Figure 3.8: Sampled inputs, the inconsistency error triggered by these points, and detected candidate
input ranges of gsl_sf_Airy_Ai. Red and green dots indicate sampled inputs, while blue rectangles
indicate candidate input ranges.

Answer to RQ2: CIGEN shows 8× improvement over CIV in running time in finding

inputs that trigger compiler-induced inconsistencies. It is 33× faster in determining that

no such input is found. It also takes a shorter time than CIV to find an input that triggers

inconsistencies as high as possible within a specified budget.

3.4.4 RQ3: Input Ranges With Inconsistency-Inducing Inputs

A unique feature of CIGEN is its ability to find input ranges (candidate input ranges, CIR)

in which inputs that cause compiler-induced numerical inconsistencies are found. This section

further describes the characteristics of these CIRs in terms of the number of CIRs reported

by CIGEN, and the root cause of the compiler-induced inconsistencies triggered by the

maximum-error input in each CIR.

Input Range Statistics. We first investigate the CIRs found by CIGEN in single-

parameter GSL functions. Amongst 113 functions in which at least one inconsistency-

inducing input is found, the number of candidate input ranges are between 1 and 5. A

simple example function with only 1 CIR is gsl_sf_log, where only positive subnormal

input values between [0, 2.225e-308] trigger an inconsistency. A more complex example

with 2 CIRs is gsl_sf_Airy_Ai in Figure 3.8. We can see that the inputs we have found to

cause compiler-induced inconsistencies can be grouped into two input ranges: one between

[-6.63e+26, -1.90], the other between [0.63, 291.13]. For the first input range, among the

dense sampling points tested (Section 3.3.3), 89.1% of sampled inputs trigger inconsistencies,
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Figure 3.9: Sampled inputs and detected input ranges of gsl_sf_bessel_Jnu(). Red dots denote
an input that does not trigger inconsistency, while green dots do. Size of the green dots denotes the
inconsistency error triggered. Blue rectangles indicate candidate input ranges.

with an average inconsistency error of 46.54. For the second input range, 19.5% of sampled

inputs trigger inconsistencies, with an average inconsistency error of 5.49. Developers can

utilize this information when they consider improving the accuracy of a function.

In the case of multi-parameter GSL functions, the situation is more complex: among

the 50 functions in which we have found inputs that cause compiler-induced inconsistencies,

the number of CIRs varies between 1 and 102, with an average of 15.02 CIRs per function.

The number of input ranges is especially higher amongst 3 and 4 input parameter functions,

likely because there are exponentially more conditions where they satisfy the requirements of

introducing a compiler-induced inconsistency. Figure 3.9 shows an example corresponding

to the 2-parameter function gsl_sf_bessel_Jnu, for which CIGEN reports 6 CIRs. Each

dot in the figure represents a sampled input. Red dots denote inputs that do not trigger

inconsistencies. Green dots denote inputs that trigger inconsistencies, and their size is

proportional to their inconsistency error. Each CIR is indicated by a blue rectangle.

Root Cause of Triggered Inconsistencies. To further investigate the nature of the

compiler-induced inconsistencies captured by each CIR, we use the state-of-the-art tool for

isolating compiler-induced inconsistencies, Ciel [31]. Given a program and an input known to
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trigger a compiler-induced inconsistency in that program, Ciel applies a bisection algorithm

and precision enhancement to isolate the expression(s) in the program responsible for causing

such inconsistency. We consider all 70 single-parameter functions for which CIGEN reports

more than one CIR, and select the input with maximum error from each CIR. We then

run Ciel for each program and input. For 21 out of 70 functions, Ciel isolates distinct

expressions for different inputs, suggesting that the programs suffer from multiple sources of

compiler-induced inconsistency which are captured by the distinct CIRs. An example of these

21 functions is the two inconsistency-inducing inputs in gsl_sf_Airy_Ai, in two different

input ranges shown in Figure 3.8: x1 = 7.663693956591586 and x2 = −997404629288211.9.

For x1, Ciel isolates a statement in the function gsl_sf_airy_Ai_e:

double s = exp (-2.0*x32 /3.0);

Meanwhile for x2, Ciel isolates a statement in a different function gsl_sf_cos_e:

z = ((abs_x - y * P1) - y * P2) - y * P3;

After investigation at the binary level, it turns out that both inconsistencies are triggered

by reassociation of floating-point operations introduced by the -ffast-math flag: in the

first case, it combines -2.0/3.0 into one constant; in the second case, it adds P1,P2,P3

into one constant. This example shows that finding these input ranges can help software

developers isolate as much source code that causes compiler-induced numerical inconsistencies

as possible, and deal with them accordingly.

On the other hand, Ciel isolated only one source of inconsistency across all CIRs in 28

functions, 25 of which have exactly 2 CIRs. This is still acceptable in common scenarios, for

example, positive and negative subnormal numbers trigger an inconsistency from the same

source code location, even though the inputs belong to different CIRs. In such cases it is

still helpful to know about both CIRs to be able to handle both corner cases. Finally, there

were 8 functions for which Ciel only isolated expressions for some inputs, and 13 functions

for which Ciel was unable to isolate any expression. This does not invalidate our findings as

the inputs generated by CIGEN are used to test the programs and verify the presence of a

compiler-induced inconsistency. Rather, these inconsistencies may involve numbers such as
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±0 and NaN, which remain unchanged regardless of precision and are known sources of false

negatives for Ciel.

Answer to RQ3: CIGEN finds between 1 to 102 candidate input ranges for all GSL func-

tions tested. Using the state-of-the-art tool for isolating compiler-induced inconsistencies,

Ciel, we find 21 single-parameter functions where multiple sources of compiler-induced

inconsistency have been captured by distinct candidate input ranges.

3.4.5 Limitations

First, our experimental evaluation only considered an assortment of GSL functions with

floating-point inputs and output. The number of floating-point inputs is also relatively small,

with the maximum being 4 input parameters. In terms of time complexity, the time used for

CIGEN to analyze any program is a function of T and I, where T is the execution time of

the program and I is the number of program inputs. For a given input i ∈ I, T could be a

function of several parameters, such as the number of loops or the number of functions in a

program. Thus, for programs with more inputs and longer execution time, CIGEN may still

find some inconsistency-inducing inputs under time limits, but it may suffer from scalability

limitations mapping CIRs. An improved algorithm that is more aware of the relationship

between the source code and the compiled binaries, optimized or not, may be necessary to

explore the characteristics of inconsistency-inducing inputs of such programs. Despite the

above, our work represents a step forward in automated generation of inputs that trigger

compiler-induced numerical inconsistencies, and our evaluation is still representative and on

par with the state of the art, considering a large number of real-world functions from the

popular GNU Scientific Library.

Second, CIGEN focuses on numerical inconsistencies observed in a deterministic program

when compiled with different compilers and/or optimization options. CIGEN does not

handle cases where the programs are non-deterministic, or when programs are subject to

malicious code injections from outside sources.

Third, as mentioned throughout the chapter, we implemented CIV from scratch. In

the implementation process we found that many parameters, such as how many partitions
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the algorithm uses for floating-point input domain (P ) or the number of tryouts for each

experiment run, are not mentioned in the CIV paper. To minimize the risk of discrepancies

between the original implementation and ours, we contacted the authors to request additional

information about their implementation. While some questions were answered, there is

still room for potential differences. In particular, the results in the CIV paper show a

non-exponential relationship between the number of input parameters n and the running

time of CIV of a function, but the time complexity of the CIV algorithm should be O(Pn)

which is exponential. This in turn means our implementation of CIV may have higher

time complexity than the original implementation. The above observations make a direct

comparison between CIGEN and the results in the CIV paper impossible. To mitigate

this issue, in Section 3.4.2 we compared the results indirectly, first comparing between our

implementations of CIGEN and CIV, then comparing our implementation of CIV against

the results in the CIV paper. We also make the source code and data of our work publicly

available for further research and validation.

Last, our results reveal an overlap between triggering compiler-induced inconsistencies

and triggering floating-point exceptions, such as underflow and overflow. Given this, it may

be interesting to see if tools such as XSCOPE [38] can be customized for our purpose.

3.5 Related Work

This section discusses related work in floating-point input generation, optimization algorithms

for floating-point program analysis, and input partitioning techniques.

3.5.1 Floating-Point Input Generation to Maximize Errors

Several tools aim to find inputs that trigger high floating-point errors or inconsistencies.

These tools can be categorized into the following groups:

Compiler-Induced Inconsistency Detection. CIV [32] generates inputs that cause

high compiler-induced numerical inconsistencies via input space partition and Markov Chain

Monte Carlo (MCMC) sampling. It compares LLVM Intermediate Representation (IR)

floating-point execution traces between binary programs compiled with different compiler

53



and/or optimization flags in order to determine if an input is a candidate input for MCMC,

but this technique limits its use to compilers based on LLVM. In contrast, CIGEN utilizes the

logarithmic distribution of floating-point numbers and the importance of exponents in terms

of triggering high compiler-induced numerical inconsistencies while being both architecture

and compiler independent.

Precision Error Maximization. Other tools related to our work are limited to finding

high floating-point precision errors in programs with a limited number of variables. S3FP [41]

uses binary guided random testing (BGRT) to find inputs that trigger large precision errors

in numerical programs. Input ranges for each variable are halved and for every iteration,

it picks the upper or lower half of the variable range and creates random test input within

these ranges. It then chooses the one range configuration with the largest error; and repeats

the random testing process.

Shadow Execution Techniques. Some tools use shadow execution techniques in order

to track how precision errors occur and how they are propagated and amplified throughout

the program data flow. For example, FPSanitizer [44] and PFPSanitizer [23] run parts of

a program in higher precision with posits [45]. The posit version of the program is run in

parallel with the same code snippets in original precision, in order to facilitate the debugging

of floating-point errors. RAIVE [46] on the other hand uses vectorization to implement

shadow execution. Each scalar variable is expanded to a 4-dimension vector, in order to

artificially inject errors that are upper bounds of actual errors; RAIVE then detects branch

divergence along the execution. We have considered shadow execution during the design of

CIGEN. However, we find that optimized and unoptimized versions of the same program

can diverge significantly in terms of the order and the types of floating-point instructions

which makes shadow execution difficult to implement.

Other Dynamic Analysis Techniques. Tools using other dynamic analysis techniques

to detect precision errors include ATOMU [47], which uses the condition numbers of each

floating-point atomic operation to build an error model to effectively guide the search for

large precision errors. FPGen [48] on the other hand treats maximizing floating-point errors

as a problem of maximizing code coverage. It uses symbolic execution with KLEE [49] on

programs injected with error checks to detect precision loss and catastrophic cancellation.
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Compared to FPGen, CIGEN uses a black-box approach, and is not limited by the compiler

used to implement KLEE—Clang.

Our method of guided random sampling in CIGEN is similar to FPED [50]. It first

generates inputs more evenly on the predefined input range, then it partitions the ranges

according to error value distribution, and then generates more inputs where precision error is

high. Aceso [51] uses an oracle-free approach to estimate floating-point errors. It samples the

program and examines the pattern statistics (micro structures) of results of floating-point

programs within an input range to estimate the floating-point errors of a program. CIGEN

also uses a clustering algorithm to look for patterns in the results of floating-point programs,

and also uses an oracle-free approach except when special values are involved.

3.5.2 Use of Optimization Algorithms in Floating-Point Program Analysis

Several tools use optimization algorithms to search for inputs that trigger numerical errors.

Differential Evolution and MCMC. AutoRNP [52] uses differential evolution (DE)

and Monte Carlo Markov Chain (MCMC) on the condition number to detect large precision

errors, uses a point-to-bound algorithm to expand the point that triggers large precision

errors into an input range that triggers large errors. CIGEN also makes use of DE to find

inputs that cause compiler-induced numerical inconsistencies.

Genetic Algorithms. Similar to CIGEN, genetic algorithm is used in [53] to trigger

high precision errors. It uses an example to show that exponents in a floating-point input

are important in determining precision errors, and runs genetic algorithm that generates and

mutates exponents so that an input value that triggers high precision errors can be found.

CIGEN proposes that the exponent is also important in determining compiler-induced

numerical inconsistency, and is implemented based on this idea.

Bayesian Optimization. XSCOPE [38] utilizes Bayesian optimization to identify inputs

that cause floating-point exceptions. Both XSCOPE and CIGEN have the advantage of not

requiring the source code of the program to function, and thus not limited to compilers that

have source-to-source components.
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3.5.3 Input Partition

Input partitioning is a technique for understanding how numerical behavior varies across input

domains. Herbie [34] is one of the first tools that perform input partition. It first randomly

samples program inputs and uses these sample inputs to gauge the extent of precision

improvement, and then rewrites numerical expressions under an input range partition scheme

(called regime), so that precision can be improved across the whole input domain of an

expression. A newer tool, Regina [54], is based on Herbie, and introduces a regime inference

algorithm for a multiple of input parameters within respective input ranges. It uses a

two-phase, bottom-up then top-down approach to find the most efficient regimes, which are

then used in various optimization problems, such as mixed precision tuning, or program

rewriting to improve precision.

3.6 Conclusion

We proposed in this chapter a multi-phase approach to generate input ranges that trigger

compiler-induced numerical inconsistencies by combining input-partitioned and coverage-

based input sampling, input clustering, and optimization algorithms. We implemented our

approach in the tool CIGEN. Our experimental evaluation showed a 53.4% improvement

over the state of the art in detecting inputs triggering high inconsistency errors in 175

GSL functions 8× faster. Further analysis of a subset of inconsistencies revealed their

characteristics and possible root causes, which can be helpful for developers to determine the

best course to mitigate numerical issues caused by such inconsistencies.
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Chapter 4

FloatGuard: Detecting

Floating-Point Exceptions via

Runtime Testing

4.1 Problem and Motivation

This chapter addresses the challenge of detecting floating-point exceptions in AMD GPU

programs, which is a critical need as HPC systems increasingly adopt AMD GPU architectures.

The AMD GPU Challenge. While NVIDIA has long dominated the GPU market,

AMD has made significant strides in recent years and has started to be used in many HPC

clusters. Exascale computing platforms from the US Department of Energy (DOE), such as

El Capitan and Frontier—the two fastest supercomputers1—use AMD GPUs (MI300A and

MI250X GPUs, respectively).

Scientific applications rely on reproducibility across all architectures. If floating-point

exceptions such as NaNs are not detected and handled, they can lead to inconsistent results

across different runs of the same computation, undermining the credibility of the results.

Previous studies indicate that significant numerical differences may arise when code is

compiled and executed on NVIDIA GPUs and later run on AMD GPUs, or the reverse [55]—
1https://top500.org/lists/top500/2024/11/
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these differences include the occurrence of exceptions in GPU A and normal results in GPU

B, even when using the same program inputs.

Limitations of Existing Approaches. Previous works on detecting floating-point

exceptions have focused on NVIDIA GPUs, using various methods such as compiler instru-

mentation [56, 57] or binary instrumentation [58, 59]. This presents a significant gap in the

ability to detect and analyze floating-point exceptions in AMD GPU programs which, as

mentioned above, are increasingly prevalent in HPC systems.

A study of floating-point exceptions detected in a comprehensive set of CUDA programs

is presented in [59]; however, currently, no tools or frameworks are available to enable a

comparable study for AMD (or HIP) programs. Developing such a tool is far from trivial and

requires addressing several challenges: (1) Reverse engineering the low-level mechanisms that

the AMD architecture provides to enable exception traps (if they exist); (2) Enabling such

mechanisms efficiently in all GPU kernels. (3) Providing the ability to detect all exceptions

while ensuring correct execution.

Our Approach. We present FloatGuard, the first tool to detect floating-point

exceptions in HIP programs running on AMD GPUs. FloatGuard relies on the AMD

GPUs hardware registers (e.g., trap status and mode registers) to enable floating-point

exception detection and efficiently gather and analyze all the exceptions.

While the mechanism provided by AMD to enable such traps is useful, it is not practically

feasible to use it to detect exceptions in all kernels and to ensure correct execution when

such modes are enabled. If a developer enables the provided trap manually (e.g., with the

ROCgdb debugger), it must be done for every kernel thread, and it must be enabled at the

beginning of the kernel, which would only trap one exception, namely, the first one that

occurs in the kernel.

FloatGuard addresses these challenges using code instrumentation at two levels—

assembly-level and source-level—and a debugger-guided execution that runs iteratively until

all floating-point exceptions have been reported.

Contributions. The contributions of this chapter are:

• The first approach for detecting all floating-point exceptions in HIP programs running

on AMD GPUs, which utilizes registers provided by the GPU hardware, assembly-level
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and source-level code instrumentation, and debugger-guided execution (Sections 4.2

and 4.3).

• An implementation of our approach in the tool FloatGuard, which requires a minimal

number of modifications to program build systems (Section 4.3).

• An evaluation on 565 HIP programs, where FloatGuard detects floating-point excep-

tions in 507 out of 565 programs, with a slowdown ratio that increases at most linearly

with the number of exceptions found (Section 4.4.2).

• An empirical analysis of the impact of compiler optimizations on floating-point excep-

tions showing a decrease of exceptions when using aggressive compiler optimizations

(Section 4.4.3).

• A comprehensive comparison of floating-point exceptions triggered in both AMD HIP

and NVIDIA CUDA versions of the same program, revealing differences in numerical

characteristics between the two platforms (Section 4.4.4).

4.2 Background

4.2.1 AMD GPU Toolchain

AMD provides a software stack called ROCm [60] to enable developers to create, compile

and run programs on AMD GPUs. Apart from kernel drivers and low level libraries, ROCm

provides a programming API and kernel language called HIP. A HIP program has a structure

similar to that of CUDA programs on NVIDIA GPUs, where host code runs on CPUs and

may call AMD GPU kernels to run on the GPU device. These kernels can create numerous

GPU threads that run in parallel.

An AMD HIP program is compiled into host and device binaries using a compiler interface—

HIPCC—which calls an underlying Clang compiler with an AMD GPU backend. In terms of

debugging, ROCm offers ROCm Debugger [61] (ROCgdb), the AMD source-level debugger

for Linux based on GDB [62], which provides support for debugging AMD GPU kernels.

AMD ROCm supports a range of AMD GPUs with GCN, RDNA and CDNA architectures.

FloatGuard is tested to work with both RDNA2/CDNA2 GPU architectures [63]. The

evaluation of FloatGuard in Section 4.4 is performed on an RDNA2 GPU, but our approach
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is also applicable to other existing or future RDNA/CDNA architectures as long as they keep

the existing mechanism to access the same set of registers related to floating-point exceptions.

4.2.2 Floating-Point Exceptions

Given the limits of IEEE floating-point types in representing the infinite set of real numbers,

IEEE 754 defines certain situations, where the limits of these types are reached, as floating-

point exceptions. Hardware and software manufacturers may define additional types of

floating-point exceptions beyond the IEEE 754 standard. The AMD RDNA2/CDNA2 GPU

architecture defines seven types of floating-point exceptions, listed in Table 4.1. In addition

to the 5 types of floating-point exceptions defined by IEEE 754, AMD GPUs also define two

additional exception types: input denormal, and integer divide by zero, which are also useful

in analyzing abnormal numerical program behavior. FloatGuard focuses on detecting

all floating-point exceptions listed in Table 4.1 except for the inexact exception, which is a

rounding error that occurs in virtually all numerical programs.

Table 4.1: Exception types in AMD GPUs. An asterisk in the exception type denotes that it is an
AMD-specific exception.

Exception Type EXCP bit Description

invalid operation 0 Result of an operation is not-a-number (NaN), such
as 0/0, ∞/0, or ∞ mod 0.

input denormal* 1 At least an operand is a subnormal number.
divide by zero 2 Division of a non-zero floating-point number by

floating-point zero.
overflow 3 Absolute value of an operation result exceeds maxi-

mum value in floating-point type.
underflow 4 An operation result is a subnormal number.
inexact 5 Operation result cannot be precisely represented

and rounding is involved.
integer divide by zero* 6 Division of a non-zero integer number by integer

zero.

The RDNA2/CDNA2 GPU architecture provides a 32-bit mode register to check and

control whether floating-point exceptions are trapped or not in a GPU kernel program. The

layout of the mode register is presented in Table 4.2, adapted from [63]. Bits 12-18 in the

mode register set which exception types are enabled. Additionally, there is also a trap status

register, with its EXCP bits 0-6 (corresponding to bits 12-18 in the mode register) set when
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Table 4.2: Bit ranges of the 32-bit mode register (value 0x5F2F0).

Bit Range Purpose Value

0–3 Round mode 0000
4–7 Denormal mode 1111
8 DX10_CLAMP 0
9 IEEE 1
10–11 Reserved 00
12–18 Exception bits 1011111
19–31 Others 0000000000000

1 #include "hip/hip_runtime.h"
2
3 __global__ void k_fp(int *mem , float a, float b) {

4 int fret = a / b;
5 *mem = fret;
6 }
7
8 __global__ void k_mixed (int *mem , int a, int b) {

9 int fret = a / b;

10 fret = fret + (float)a / (float)b;
11 *mem = fret;
12 }
13
14 int main (int argc , char* argv []) {
15 int *mem;
16 hipMalloc (&mem ,4);
17 k_fp <<<1,1>>>(mem ,1,0);
18 hipDeviceSynchronize ();
19 k_mixed <<<1,1>>>(mem ,1,0);
20 hipDeviceSynchronize ();
21 return 0;
22 }

Figure 4.1: A sample HIP program for testing AMD GPU kernel floating-point exception behavior,
where the lines of code triggering exceptions are highlighted.

a floating-point exception of a respective type is triggered during kernel execution. If the

GPU kernel is set to trap these exceptions during runtime, program execution stops when an

exception occurs, and a floating-point exception signal (SIGFPE) is sent; if the GPU kernel

is set to not trap these exceptions, execution continues when an exception occurs, and the

corresponding EXCP bit in the trap status register is set. By default, bits 12-18 in the mode

register are all set to 0 (as in disabled) when each kernel starts execution; to enable them so

that floating-point exceptions can be trapped, these mode register bits must be set to 1. In

addition, to achieve IEEE 754 compliance, bits 8 (DX10_CLAMP bit: DX10-style treatment of

NaNs) and 9 (IEEE bit) should be set to disabled and enabled, respectively.
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Figure 4.2: The workflow of FloatGuard.

To observe the runtime floating-point exception characteristics of AMD GPUs, a prelimi-

nary test is conducted using ROCgdb on a sample program listed in Figure 4.1. The program

triggers four floating-point exceptions: a divide by zero floating-point exception in function

k_fp in line 4, two divide by zero exceptions in function k_mixed in lines 9 and 10, and an

invalid exception from the addition in line 10. Breakpoints are set at the beginning and end

of each kernel. At the start of each kernel, the values of the mode and trap status registers

are recorded. If floating-point exceptions are enabled for the kernel, the mode register is

updated accordingly. The value of the trap status register is then observed either at the end

of the kernel or when an exception occurs.

Three preliminary observations can be drawn from the above example. (1) By default,

exception trapping is disabled in AMD GPUs; theoretically, developers can check the trap

status register at the end of each kernel’s execution to know which exception occurred,

however, it is not possible for developers to know which line of code caused the exception, and

it is impractical for developers to check the trap status of each GPU thread. (2) The memory

location where the program counter stops after a floating-point exception is trapped does not

always correspond to the actual instruction that causes the exception, possibly due to delayed

exception reporting on GPUs. (3) Once a floating-point exception is triggered in a kernel, the

state of the program is not recoverable. This means that even if the SIGFPE signal is cleared

and program execution continues, the program state after this point does not exactly cor-

respond to when floating-point exceptions are disabled. These observations about AMD HIP

program execution on AMD GPUs influence the design and implementation of FloatGuard.
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4.2.3 Overview of FloatGuard

The workflow of FloatGuard is illustrated in Figure 4.2. FloatGuard consists of two

main components: a compiler wrapper and a testing framework.

The compiler wrapper acts as an in-place replacement of the HIPCC compiler interface.

When an HIP source file is compiled using the compiler wrapper, it replaces output object files

with text-based assembly files instead; then, during link time, the compiler wrapper injects

input assembly files with instructions for enabling or disabling floating-point exceptions at

injection points in a list maintained by both modules in FloatGuard, then calls the actual

link command to generate the instrumented binary. The instrumented program is then sent

to the testing framework, which runs the instrumented program, gathers information on

exceptions encountered, then updates the list of injection points as mentioned above, to

ensure that FloatGuard can report all floating-point exceptions observed in an AMD HIP

program at runtime.

A typical usage scenario of FloatGuard is as follows: a software developer would like to

know whether their HIP program that runs on an AMD GPU suffers from any floating-point

exceptions. The developer then needs to modify their build script by simply replacing the

original compiler with our compiler wrapper, and enabling debug information in the build

by using the -g flag in the compiler command line. The developer can optionally select the

types of exceptions to be captured, as some types of exceptions, such as input denormal,

may be of less interest because of their lower impact towards numerical correctness of the

program. Finally, the developer can invoke FloatGuard, which will test the program to

output the source code locations that trigger floating-point exceptions during runtime. The

developer can then inspect the source code and devise solutions to mitigate the exceptions,

such as reordering operations or increasing floating-point precision.

The next section presents the design and implementation of these modules and how they

interact to detect floating-point exceptions.
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4.3 Design of FloatGuard

This section describes the design and implementation of FloatGuard for detecting floating-

point exceptions in AMD GPU kernels.

4.3.1 Floating-Point Exception Detection Control

As mentioned in Section 4.2.2, setting the individual bits in the mode register in each kernel

thread allows a floating-point exception to be trapped or not during program execution.

A method to write to the mode register is via debugging commands using the ROCgdb

debugger. However, this method requires using breakpoints to pause the program at the

beginning of every GPU kernel thread execution. For most AMD GPU kernels, thousands of

GPU threads run in parallel. To set the mode register for each GPU threads, the ROCgdb

debugger must stop the program thousands of times just for one kernel, which introduces

significant overhead (according to our testing), and makes the tool impractical to use.

Assembly Injection. An improved solution is to inject assembly instructions that write

to the mode register during program compilation. Below are two sets of instructions that

set the mode register. They are interchangeable, but FloatGuard uses them both for the

two kinds of code injections described in Section 4.3.2. The first set of instructions moves

an immediate value, first into a scalar general purpose register s31, which has no specific

reservations in kernel code, then into the mode register.

1 s_mov_b32 s31, 0x5F2F0

2 s_setreg_b32 hwreg(HW_REG_MODE), s31

On the other hand, the second set of instructions directly assigns values to the mode

register. Since only 16-bit values are allowed, FloatGuard uses two instructions for the

value assignment.

1 s_setreg_imm32_b32 hwreg(HW_REG_MODE, 0, 16), 0xF2F0

2 s_setreg_imm32_b32 hwreg(HW_REG_MODE, 16, 16), 0x5

FloatGuard also uses a similar instruction to set the EXCP bits (0-6) in the trap

status register to all zero. This instruction is injected whenever floating-point exceptions
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are enabled during program execution, so that only the floating-point exception type that is

trapped is recorded.

1 s_setreg_imm32_b32 hwreg(HW_REG_TRAPSTS, 0, 7), 0

A naive method for detecting floating-point exceptions with these instructions is to

simply enable floating-point exceptions at the beginning of all AMD GPU kernels. However,

as mentioned in Section 4.2.2, it is not possible to recover an AMD HIP program from a

trapped exception. Thus, if FloatGuard simply enables exceptions at the beginning of

each kernel call, the program would stop at the point where the first floating-point exception

is triggered, irrevocably, and no further exception would be triggered. To work around

this issue, FloatGuard injects code in multiple locations of the program. This is further

explained in the next section.

4.3.2 Compiler Wrapper and Code Injection

To ensure that floating-point exceptions are enabled or disabled in the original program,

injecting exception control instructions (discussed in Section 4.3.1) is necessary. The compiler

wrapper module performs such injection alongside with program compilation. It injects code

in the two kinds of locations listed below:

• Entry points: at the beginning of each AMD GPU kernel, instructions to enable

floating-point exceptions are injected. This ensures that exception capture is always enabled

when an AMD GPU kernel starts execution.

• Previously-triggered exception locations: the compiler wrapper may also accept

a list of assembly code locations at which previously triggered exceptions have been observed.

The compiler wrapper injects exception disabling instructions before, and exception enabling

instructions after these locations, so that no exceptions are triggered when the instructions

within these locations are executed. This is to prevent previously-triggered exceptions from

being triggered again. Additionally, the trap status register is cleared when floating-point

exceptions are re-enabled, because the trap status register is still set when an instruction that

causes a floating-point exception at the location is executed. Clearing the trap status register

ensures that the next floating-point exception trapped will return the correct exception type.
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Two widely-used methods for code injection in floating-point research are Clang plugins

and LLVM passes. Calls to a function containing the inline instructions from Section 4.3.1

can be injected either into the source code, or into its LLVM intermediate representation

(IR). There are advantages and disadvantages of these two methods. For example, Clang

plugins apply source-to-source transformations and thus are compiler agnostic; meanwhile

LLVM passes can be adapted to other language front-ends that HIP supports, such as HIP

FORTRAN. However, during the implementation of FloatGuard, we found that neither

Clang plugins nor LLVM passes can solve the problem of instruction reordering: optimization

passes in the AMD GPU back-end of the default HIPCC compiler reorders assembly code

after code injection is performed. In particular, compiler optimizations may alter code

regions bracketed by function calls enabling and disabling floating-point exceptions, and

undermine their effectiveness. Unfortunately, using software barriers does not appear to work

as intended either, as their presence may also interfere with optimization passes and lead to

numerical behaviors different from those observed without them.

Assembly Files Injections. To solve the above issue, FloatGuard instead implements

code injection by directly inserting assembly instructions into assembly files, after all compi-

lation and optimization steps are performed, but before the linker combines all assembly files

into a single binary executable. This method combines the advantages of both previously

mentioned methods: it does not require source code to inject code into the program, and

thus it works regardless of what kind of high-level language features exist in the program

source code; it also preserves source location information when exceptions occur, as long as

such debug information is built into the assembly files from compiler options -g in HIPCC;

it is compiler and language agnostic, as it uses Python scripts to read, process, and modify

AMD kernel assembly code, without any other software dependency; it is transparent to the

end user, as it does not require them to drastically modify the build process of their program,

and all the resulting instrumented code exists in a human-readable assembly form; and lastly

it can be easily adapted to a different AMD GPU architecture as long as the equivalent of

mode register control instructions are still available.

Instructions controlling the mode register are injected as follows. First, an assembly file

is read, and the compiler wrapper scans for the listing of AMD GPU kernel functions, which
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Algorithm 3: The testing algorithm in FloatGuard.
1 Function TestAlgo(Program):
2 ExceptionLocations = ∅;
3 while ProgramFinished == false do
4 InstrumentedProgram = Program;
5 foreach Location ∈ ExceptionLocations do
6 InstrumentedProgram =InjectException (InstrumentedProgram,Location);

7 RunProgramUntilStop (InstrumentedProgram);
8 if InstrumentedProgram has finished running then
9 ProgramFinished = true;

10 else
// signalled exception

11 ExceptionLocations = ExceptionLocations∪GetExceptionInfo ();
12 OutputExceptionInfo ();

is marked by __CLANG_OFFLOAD_BUNDLE markers; then the compiler wrapper scans for the

beginning of a kernel function, which is marked by a mangled function name beginning with

_Z. The instructions are then injected into the body of these kernel functions.

An additional issue arises from the delayed exception reporting problem described

in Section 4.2.2. To address this, FloatGuard associates each trapped exception with a set

of instructions rather than one instruction. We have empirically found that delayed exception

reporting often is off by at most 5 instructions. Thus, FloatGuard associates a reported

exception with the instruction at which execution halted and its four preceding instructions.

These are treated as a set of instructions for which floating-point exception should be disabled

in subsequent testing. Consequently, the compiler wrapper injects instructions to disable

exceptions before, and to re-enable them after this set of instructions.

4.3.3 Testing Framework

FloatGuard runs the instrumented program and aims to capture all floating-point ex-

ceptions in AMD GPU kernels. This testing component is built with Python spawning a

ROCgdb instance with the pexpect library, which attaches to the instrumented program

and controls whether floating-point exceptions are enabled/disabled before every AMD GPU

kernel’s execution. When a floating-point exception is trapped, the testing framework outputs

the crash site information such as source file and lines, function name, adjacent assembly

instructions, and exception types.
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The testing algorithm of FloatGuard is illustrated in Algorithm 3. It is designed and

fine-tuned to adapt to the characteristics of AMD GPU kernel behavior with floating-point

exceptions described in Section 4.2.2. The detailed steps are as follows:

▷Step 1: Initially, FloatGuard compiles the original program using the compiler wrapper,

inserting instructions at the beginning of each AMD GPU kernel to enable exceptions for all

code inside all HIP kernels, then attaches ROCgdb to the instrumented program. Also, the

list of injection sites that trigger floating-point exceptions is set to empty. Furthermore, the

linker command used during the build process is saved separately so that future injection

of assembly instructions can be performed without running the whole compilation process

again, improving the efficiency of the tool.

▷Step 2: If no exception is found and the program exits normally, FloatGuard finishes

running and reports that no floating-point exception is found; otherwise, when a floating-

point exception occurs and ROCgdb stops, it parses and outputs exception information

from ROCgdb output. Information that is saved includes source code location, the number

of instructions from the beginning of the function to the instruction that the program

stops at, and the exception type. If the source code location is from an AMD HIP library,

FloatGuard goes up the call stack until it finds a source code location that is from the

program source code rather than from an existing library, and saves this location as well.

▷Step 3: FloatGuard also records the location of the exception-occurring kernel in the

execution trace (kernel name and the number of instructions from the beginning of the

function to the exception site) to a list of injection sites.

▷Step 4: FloatGuard then runs the linker command saved in step 1; this time the compiler

wrapper reads the list of injection sites saved in Step 3, and injects code around these sites,

so that floating-point exceptions from instructions around the injection sites are not trapped

the next time, since these sites are already recorded as locations that trigger exceptions.

▷Step 5: The program is then restarted with ROCgdb, and return to Step 2. As more sites

that trigger floating-point exceptions are found and recorded, all code that triggers such
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exceptions will eventually be included in the list of injection sites; at this point, the program

finishes without triggering any other exceptions.

Consider again the sample program from Section 4.2.2. Exceptions are enabled at the

beginning of both kernels in the program. When the program is run with ROCgdb attached,

an exception occurs in k_fp line 4, whose function location is recorded in the list of injection

sites. The linker command is executed again, and the compiler wrapper injects code around

the location previously recorded so that floating-point exceptions are disabled before reaching

the location, and enabled after it. The program is re-run with ROCgdb attached, rinse and

repeat, until the program no longer triggers any exception before exiting normally. The list

of injection sites then corresponds to the list of floating-point exceptions detected.

Slowdown. FloatGuard undoubtedly introduces slowdown, given the overhead introduced

by the various components, and the need to run the program multiple times to detect all

floating-point exceptions. The slowdown introduced by FloatGuard consists of the following

parts: spinning up ROCgdb and running the program every time it needs to recover from a

previous floating-point exception; collecting exception information when it is trapped; and

running the linker every time a new exception location is added. The overhead introduced

by the instructions that set the mode and trap status registers is negligible. The slowdown

ratio can be calculated using the following equation:

Slowdown =

∑N
i=1 Pi + OH · (N + 1) + P

P
(4.1)

where P is the program running time; Pi is a strictly increasing sequence of the time of the

ith run of the program, from beginning of program execution to when the exception occurs;

OH is a relative constant cost of the overhead for each re-run of the program, including time

running the linker, spinning up ROCgdb, and collecting exception information after it occurs,

all of which are constants depending on the program; and N is the number of floating-point

exceptions triggered. When P is small (less than 1s in programs tested in Section 4.4.2),

OH is relatively large compared to P , and the slowdown ratio increases in an approximately

linear manner with the number of floating-point exceptions. Meanwhile, when P is large,
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OH is relatively small, and the relationship between slowdown ratio and number of exception

detected depends on the ratio between Pi and P , which is discussed in Section 4.4.2.

4.4 Experimental Evaluation

This evaluation answers the following research questions:

RQ1 How many floating-point exceptions are detected by FloatGuard in AMD HIP

programs, and how much slowdown does FloatGuard introduce?

RQ2 How do compiler optimization options affect the number of floating-point exceptions

detected by FloatGuard?

RQ3 How do floating-point exceptions differ when the same GPU programs are executed on

AMD HIP and NVIDIA CUDA?

4.4.1 Experimental Setup

Table 4.3: Benchmark programs tested with FloatGuard to detect floating-point exceptions.

Benchmark Set Benchmarks

Rodinia backprop, cfd, gaussian, heartwall, hotspot, hotspot3D,
lavaMD, lud, myocyte, nn, nw, particlefilter, streamcluster

PolyBench-ACC correlation, covariance, 2mm, 3mm, atax, bicg, doitgen,
gemm, gemver, gesummv, mvt, syr2k, syrk, gramschmidt,
lu, adi, convolution-2d, convolution-3d, fdtd-2d, jacobi-1d-
imper, jacobi-2d-imper

Parboil bfs, cutcp, histo, lbm, mri-gridding, mri-q, sad, sgemm,
spmv, stencil, tpacf

SHOC bfs, fft, gemm, md, md5hash, reduction, scan, sort, spmv,
stencil2d, triad, qtclustering, s3d

GPGPU-Sim cp, libor, lps, mum, rayTracing, wp
HPCG HPCG
Varity 500 randomly-generated programs containing numerical

inconsistencies

Benchmark Selection. FloatGuard is evaluated on 565 programs, which are cate-

gorized in Table 4.3. The first 65 programs are from five heterogeneous benchmark suites:

13 programs are from Rodinia [64], where only programs with floating-point operations are
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selected; 21 programs are from PolyBench-ACC [65]; 6 programs are from benchmarks dis-

tributed with the GPGPU-Sim simulator [66]; 11 programs are from the Parboil benchmark

suite [67]; 13 programs are from the Scalable HeterOgeneous Computing (SHOC) benchmark

suite [68]; And lastly, we also include the HIP version of the HPCG benchmark [69] based

on the original HPCG implementation [70]. These benchmarks cover a wide range of uses for

heterogeneous computing, such as linear algebra for machine learning, data mining, medical

imaging, and fluid dynamics.

We also include 500 programs generated using Varity [16], a floating-point program

random generator. The programs are publicly available in Varity’s GitHub repository2

and have been previously identified as exhibiting numerical inconsistencies when compiled

with different optimization settings—specifically, comparing -O3 -use_fast_math against

-O0 using the CUDA NVCC compiler. These inconsistencies often arise from compiler

optimizations that affect the precision, associativity, or evaluation order of floating-point

operations. Such optimizations can also influence whether a floating-point exception is

triggered. By including these synthetic programs, we aim to capture edge cases where

aggressive optimization interacts with exception conditions in a nontrivial fashion, and may

not be well represented in real-world HPC workloads but are critical for evaluating the

robustness and coverage of floating-point exception detection tools.

All programs in this evaluation, with the exception of ROC HPCG, are only available as

CUDA programs; thus we convert them for AMD HIP using the HIPIFY tool [71] and then

fix minor issues manually, so that the end results of the program are either comparable with

the original CUDA versions, or they pass in-built verification routines, when available.

Benchmark Parameters. Some benchmarks, such as the Varity synthetic programs,

and the programs from GPGPU-Sim and SHOC, have no selection of input parameters and

datasets; these benchmarks are run once with the default parameters. While others, such as

the cfd program in Rodinia, have multiple input datasets; some other benchmarks, such as

all PolyBench-ACC programs, can be run with various input data sizes. In our evaluation we

do the following: for Rodinia, all inputs listed in the run script in each program are included;

for PolyBench-ACC, all problem sizes from mini, small, default, large to extra large sizes for
2https://github.com/LLNL/Varity/tree/master/cuda_examples
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each benchmark are included; for Parboil, all input datasets are included; and for HPCG, we

use the parameter 128 128 64.

Baselines. FloatGuard is the first tool that detects floating-point exceptions in AMD

HIP programs. There are works detecting floating-point exceptions in other architectures

such as x64 and CUDA, which are described in Section 4.5.1, and we include a cross-platform

comparison for the same programs between AMD and NVIDIA GPUs in Section 4.4.4.

Runtime environment. We run FloatGuard on a workstation PC, running with a

6-core AMD(R) Ryzen 5 7500F processor, 32 GiB RAM, and an AMD RX 6650 XT GPU

with 8GiB of VRAM. The workstation PC runs Ubuntu 22.04 OS, with AMD ROCm 6.1.0

installed. FloatGuard is run on Python 3.10.12 with pexpect 4.9.0 for automatically

controlling ROCgdb process input and output, with no other external dependencies.

4.4.2 RQ1: Exception Detection Effectiveness

Table 4.4: A list of benchmarked programs that have floating-point exceptions detected by Float-
Guard. The exception type abbreviations NAN, I_SUB, DIV0, INF, and O_SUB correspond to
exception types invalid operation, input denormal, divide by zero, overflow, and underflow, respec-
tively. No integer divided by zero exceptions were detected.

Benchmark Exceptions NAN I_SUB DIV0 INF O_SUB

Rodinia: cfd 12 6 0 6 0 0
Rodinia: myocyte 50 26 3 0 15 9
PolyBench-ACC: correlation 1 0 0 1 0 0
PolyBench-ACC: gramschmidt 2 1 0 1 0 0
PolyBench-ACC: lu 1 1 0 0 0 0
PolyBench-ACC: adi 4 4 0 0 0 0
SHOC: s3d 823 6 681 0 7 264
Parboil: stencil 2 0 1 0 0 1
GPGPU-Sim: wp 68 2 50 0 5 18

In the 65 benchmark programs evaluated, FloatGuard detects floating-point exceptions

in 9 of them, spanning across 5 benchmark suites. The number of each type of floating-point

exceptions detected by FloatGuard in each of these 9 programs are listed in Table 4.4. Note

that the number of total exceptions may be smaller than the sum of all types of exceptions;

this phenomenon occurs in myocyte, s3d and wp, in which input denormal exceptions occur.
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This is due to the fact that one floating-point operation may trigger both input denormal

and other exceptions, for example, dividing a subnormal number with zero.

Also, amongst these programs, there is only one—stencil in Parboil—which Float-

Guard only detects floating-point exceptions related to subnormal numbers. Meanwhile,

all other 8 benchmarks have exceptions related to special values—Inf and NaN—which are

considerably more serious floating-point exceptions and have a higher impact on the precision

error of these programs.

In the 500 synthetic GPU programs, FloatGuard detects floating-point exceptions in

498. If only exceptions related to special values are counted, 291 programs trigger them. On

average, 6.056 floating-point exceptions are detected per program, or 2.088 when considering

only those related to special values.

As for the remaining 2 programs which do not have floating-point exceptions detected:

the first one, case_152, has its set of input parameters all in normal range (which means none

of them is subnormal), and all subnormal and division by zero operations are constant, which

are likely pre-calculated during compile time. Meanwhile, the other program, case_473, has

a compute function that looks like the following excerpt:

1 for(int i=0;i<var_1 ;++i){

2 comp=var_2 *1.5271E-42f*( var_3/floorf ( -1.5532E35f -1.8528 E35f -var_4 * -1.4807 E36f));

3 comp=var_5 +1.1129 E35f+var_6/powf(expf (1.4350E-36f),var_7 / -1.7503 E11f*var_8 /1.5272E

-19f);

4 }

The expression in line 2, from its variable to constant operands, all contain floating-point

exceptions; but the whole expression is removed from the program binary due to dead code,

and only the expression in line 3 is kept. The operands in this expression, from var_5 to

var_8, are all normal numbers, and the whole expression is indeed not expected to produce

any floating-point exceptions. We confirm our hypothesis for the two programs by running

FloatGuard again but with the programs compiled with -O0 instead, which does not

perform either compile-time constant calculation or dead code removal. FloatGuard

successfully detects floating-point exceptions in this case.

In terms of slowdown ratio, first for the 65 benchmark programs: the original runtime for

these 65 programs ranges from 0.17s which includes the spin-up time for AMD HIP libraries,
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to 196s in the case of the correlation program in PolyBench-ACC. The slowdown ratio

introduced by FloatGuard ranges from 1.0× for some benchmarks where no floating-point

exceptions are detected, to 6888× in the case of s3d from the SHOC benchmark, in which

the original program runtime is 0.2s, and 823 floating-point exceptions are detected. As for

the 500 synthetic GPU programs, the runtimes for these programs are all between 0.17s and

0.18s, and the slowdown ratio introduced by FloatGuard ranges from 2.53× for case_152

where no floating-point exception is detected, to 118× for case_365 where 30 floating-point

exceptions are detected.

The slowdown ratios for 564 out of 565 programs3 are shown in Figure 4.3. We use

linear regression to find the line of best fit, and find that for most programs that run for a

short time (less than 1s), their slowdown ratios are approximately linearly related to the

number of exceptions detected, which corroborates the assertions made in Section 4.3.3.

On the other hand, for programs running for a longer period of time, the slowdown ratio

is sublinearly related to the number of exceptions, since the exceptions occur early during

program execution, therefore
∑

N Pi in Equation (4.1) is negligible compared to P . The sole

outlier is s3d which has a higher slowdown ratio due to its longer linker time (1s) compared

to shorter running time (0.2s).

Answer to RQ1: FloatGuard successfully detects floating-point exceptions in 9 out of

65 benchmark programs. For the 500 synthetic GPU programs, FloatGuard detects

exceptions in 498 programs (99.6%), with an average of 6.056 exceptions per program.

The slowdown introduced by FloatGuard is linearly related to the number of exceptions

detected for short-running programs, and sublinearly related for longer-running programs.

4.4.3 RQ2: Effect of Aggressive Floating-Point Optimization Flags on

Exceptions

The impact of compilers and their optimization flags on the correctness of heterogeneous

numerical programs has been well documented [72], and the underlying causes of these effects

have been studied in [2, 5, 31]. Optimization flags related to floating-point operations can
3Except s3d which has over 800 exceptions detected and is not shown here to preserve the clarity of the

chart.
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Figure 4.3: Slowdown ratio compared to the number of floating-point exceptions in the programs
tested.

Table 4.5: How the number of floating-point exceptions detected changes when -ffast-math
-fdenormal-fp-math=preserve-sign is enabled in the compiler. The exception type abbrevia-
tions are the same as in Table 4.4.

Benchmark Exceptions Exc. (excl. SUB) NAN I_SUB DIV0 INF O_SUB

cfd 12 → 14 12 → 14 6 → 8 0 6 0 0
myocyte 50 → 28 41 → 23 26 → 24 3 → 0 0 15 → 2 9 → 2
correlation 1 1 0 0 1 0 0
gramschmidt 2 2 1 → 0 0 1 → 2 0 0
lu 1 1 1 0 0 0 0
adi 4 → 6 4 → 6 4 → 2 0 0 → 4 0 0
s3d 823 → 739 13 → 5 6 → 0 681 → 608 0 7 → 5 264 → 309
stencil 2 → 3 0 0 1 0 0 1 → 2
wp 68 → 87 4 2 → 1 50 → 78 0 5 → 3 18 → 16
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greatly affect the occurrence of floating-point exceptions in a numerical program. One of

the main optimization flags related to floating-point operations in the HIPCC compiler is

-ffast-math, which does the following:

1. Floating-point operations are treated as infinite-precision real numbers in terms of

algebraic rules such as associative and distributive properties. This may negatively

impact floating-point round-off errors, which could cause catastrophic cancellation or

loss of significance for some floating-point operation reassociations.

2. No NaN or infinite values will be operands or results of floating-point operations.

However, this does not mean that floating-point hardware does not generate floating-

point exceptions about NaN or infinite values internally. These exceptions are still

recorded on AMD GPUs.

3. Fast approximation math functions, which are less accurate, are applied instead of the

IEEE 754 standard versions. Fast constant reciprocal instructions are also applied.

If developers use optimization flags such as -ffast-math, not only may their program

have higher precision errors, they may also encounter different floating-point exceptions to be

triggered, due to changed results in operations and these results possibly affecting program

execution paths. Thus, studying how these optimization flags affect floating-point exceptions

is important. To do so, we run the same programs with the optimization flags: -ffast-math

and -fdenormal-fp-math=preserve-sign. The inclusion of the second flag is to investigate

how exception behaviors related to subnormal numbers change; simply enabling -ffast-math

does not enable this flag.

In total, when aggressive floating-point optimization flags are enabled, the average

number of floating-point exceptions for all tested programs drops by 37.3%. First we look

at the 9 benchmark programs in which FloatGuard detects floating-point exceptions,

when aggressive floating-point optimization flags are enabled, the number of exceptions

detected changes, as shown in Table 4.5. The results are mixed: 2 programs have the number

of exceptions decreased, 4 programs increased, and the remaining 3 have their numbers

unchanged. If we only count the number of exceptions related to special values, then 2
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programs have the number of exceptions decreased, 1 program increased, and the remaining

6 have their numbers unchanged. On one hand, there are programs like myocyte where

all types of floating-point exceptions have their numbers decreased. On the other hand,

programs like wp have their floating-point exceptions numbers change up or down, indicating

that aggressive optimization flags in the HIPCC compiler change rather than reduce the

characteristics of exceptions in a program.

Next we look at the 500 synthetic GPU programs. We observe that for the 472 pro-

grams4 that successfully execute when optimized, the average number of floating-point

exceptions fall from 6.023 to 3.19 when aggressive floating-point optimization flags are

enabled. FloatGuard reports 297 (62.9%) programs with fewer floating-point exceptions,

45 (9.5%) programs with more exceptions, and 130 (27.5%) with an unchanged number of

exceptions. An example of fewer reported exceptions when aggressive floating-point optimiza-

tion flags are enabled is case_68, where the single floating-point exception detected is an

input denormal exception, which is not triggered when aggressive floating-point optimization

flags are enabled. On the contrary, an example of more floating-point exceptions detected

when aggressive floating-point optimization flags are enabled is case_387. When aggressive

floating-point optimization flags are disabled, the first floating-point exception likely comes

from the first line of code in compute, where we verify that this if statement always returns

false regardless of compiler options:

if(comp==cosf(var_1 -1.8906 E35f -(1.1216 E14f/var_2))) {

Variable var_2 is assigned a subnormal number from program input, triggering an overflow

exception with the result of the division. When the aggressive optimization flags are enabled,

var_2 is flushed to zero, therefore triggering a divide by zero exception instead. There is also

a new exception detected when aggressive floating-point optimization flags are enabled; it is

of the input denormal type, and it is likely that different ways to compile the equal operator

in this line of code is the cause of this new exception.
4The remaining 28 programs cause runtime exceptions unrelated to floating point when compiled and run

with aggressive floating-point optimization flags, and are thus excluded from discussion in this subsection.

78



Answer to RQ2: Overall, the average number of floating-point exceptions drops by

37.3% when aggressive floating-point optimization flags are enabled. For the 500 synthetic

GPU programs, the average exceptions drop from 6.023 to 3.19 when optimizations are

enabled, with 62.9% of programs showing fewer exceptions, 9.5% showing more exceptions,

and 27.5% unchanged. These results indicate that aggressive optimization flags change

rather than uniformly reduce exception characteristics.

4.4.4 RQ3: Comparing AMD HIP and NVIDIA CUDA Exception Behav-

ior

Floating-point operations are inherently sensitive to variations in how they are compiled

and executed. This has been shown in previous studies described in Section 4.5.2. Many

heterogeneous GPU programs, including most programs used in our evaluation, are written for

specific hardware and software environments, most commonly to run on NVIDIA GPUs and

CUDA, and then ported to the AMD HIP platform. Studying the differences in floating-point

exceptions between NVIDIA CUDA and AMD HIP versions of the same program can reveal

how each platform handles IEEE 754 compliance, compiler optimizations, and exception

propagation. It helps identify numerical divergences that are less obvious, guides platform-

specific debugging, and informs trade-offs between program performance and correctness.

Such understanding subsequently ensures portability and reliability of scientific applications

across GPU vendors. Thus, in this section, we investigate differences with respect to floating-

point exceptions when running a same program on both AMD and NVIDIA platforms.

To study the differences of program behavior between AMD and NVIDIA GPUs, we use

the same set of 565 programs described in Section 4.4.1, running on both HIP and CUDA

platforms. We use the CUDA version of HPCG [73], while using the same codebase for

other programs, and only differing in HIP/CUDA function calls. To detect floating-point

exceptions in CUDA programs, we use the state-of-the-art tool GPU-FPX [59]. We use the

latest GitHub revision as of writing5 and build it using CUDA 11.8 and NVBit 1.7.2. We

run the detector module of GPU-FPX to detect floating-point exceptions on CUDA. Our
5https://github.com/LLNL/GPU-FPX/tree/ab39d7f286fed890c394af014175721b619b8d28
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experiments are run on an 18-core Intel(R) i9-10980XE processor workstation with 256 GiB

RAM, an NVIDIA RTX 4090 GPU, and with Ubuntu 22.04 OS installed.

Since both tools use different hardware, software, algorithms, and possibly different metrics

to track floating-point exceptions, a direct comparison of slowdown ratio or the amount of

exceptions triggered is not practical. Instead, we simply run both tools separately to detect

floating-point exceptions on both environments, on the same set of programs, with the same

optimization level, no aggressive floating-point optimization flags like use_fast_math or

-ffast-math. We compare them for any differences in both detected exceptions and the end

results, to gain an insight on diverging behavior for the same programs across platforms.

First we run both tools with the same 500 synthetic GPU programs. These programs

are compiled with -O3 on both platforms. We find that GPU-FPX only finds 404 out of 500

in the CUDA versions, compared to AMD HIP versions where 498 programs out of 500 are

detected with floating-point exceptions. We look into the GPU-FPX source code and find

that GPU-FPX does not detect input denormal exceptions. After removing input denormal

exceptions from the FloatGuard results, the number of HIP programs with detected

floating-point exceptions drops from 498 to 365. We look into a few example programs

where only the CUDA or HIP version triggers floating-point exceptions. We analyze their

source code, compiled assembly, program control flow during execution, and try out different

compiler optimization flags to determine possible cause for these differences.

The first program we analyze is case_450. GPU-FPX does not detect any floating-point

exceptions in this program, while FloatGuard detects an underflow exception from the

first line of the compute function:

if (comp < ( -1.2964E-35f / var_2)) {

where var_2 is assigned a value of -1.9453E27f. The result of the division operation is

too small to be represented by a 32-bit floating-point type, regardless of whether subnormal

numbers are allowed as operation results, and is rounded to zero. Since GPU-FPX simply

checks the results of operations, which is zero in this case, it does not treat this as an

exception. Still, reporting such underflow exceptions is helpful to developers, since with a

slight change to var_2, this division operation can still generate subnormal results.
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The second program we analyze is case_350. GPU-FPX detects an underflow exception

while FloatGuard does not detect any exception. To investigate the cause, we find that

the if statement at the beginning of the compute function is as follows:

if (comp <=( -0.0f-var_1 -1.9945E-44f/ -1.8945 E36f)){

float tmp_1 =(1.6933 E34f -( -1.3140 E20f /+1.2012E-26f));

float tmp_2 = -1.5160E-43f;

comp=tmp_2/tmp_1*var_2*var_3;

}

We investigate the PTX code generated by NVCC and find that under -O3 optimization,

all constant expressions are calculated at compile time, and the if statement is compiled as a

selection instruction. Since the comp variable has a subnormal value before this code snippet,

and the if condition is false, the subnormal value in turn becomes the result of the selection

instruction thus triggering GPU-FPX to report an underflow exception. Meanwhile, in the

AMD HIP version, even though it is still compiled as a selection instruction, the hardware

registers do not trigger exceptions here. It only triggers an input denormal exception when

input denormal exceptions are enabled. Our conclusion is that FloatGuard, utilizing

hardware registers, can more correctly identify the types of exceptions than GPU-FPX.

As for the 65 benchmark programs, GPU-FPX detects floating-point exceptions in

11 of them: rayTracing and wp in GPGPU-Sim benchmarks, s3d in SHOC, stencil in

Parboil, correlation, gesummv, gramschmidt, lu in PolyBench-ACC, cfd and myocyte

in Rodinia, and the HPCG benchmark. As comparison, FloatGuard detects floating-point

exceptions in 9 programs. Next we focus on the following programs where only one tool

detects exceptions in its respective platform.

rayTracing in GPGPU-Sim: FloatGuard does not report any floating-point ex-

ceptions; meanwhile GPU-FPX reports 10 floating-point exceptions. After investigation, we

find that all of them result from CUDA implementations of __saturatef and pow functions,

frequently used in color manipulations to avoid using branching statements in GPUs. It

is likely that the AMD HIP version of these function implementations avoids triggering

floating-point exceptions. We also compare the rendered images for both versions of this

program and find that they are indeed slightly different.
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gesummv in PolyBench-ACC: when the dataset is extra large, there are two floating-

point exceptions captured with GPU-FPX in the gesummv_kernel function. One is an

underflow exception from line 115, which is a multiply-add operation; the other is an overflow

exception from line 118, which are two multiply-add operations. We manually add debug

code after the two expressions, to check if the results are subnormal or infinite, and we find

that the CUDA version shows subnormal or infinite results while the AMD HIP version does

not. This is possibly due to aggressive optimizations from CUDA.

adi in PolyBench-ACC: FloatGuard reports 4 floating-point exceptions in 4 different

kernels (corresponding to expressions in lines 164, 177, 201, 212 of the original CUDA version).

All four kernels involve dividing by an element in matrix B. If we put isnan calls for the

results for these 4 expressions we can find that NaNs do occur in these kernels when running

on AMD GPUs. However, they do not occur in the CUDA version.

HPCG: FloatGuard reports no floating-point exceptions in the HIP version; meanwhile,

GPU-FPX reports two exceptions, both in the reduce_1Block_kernel which is a closed-

source kernel in the cuBLAS library. It is likely that the AMD implementation of the library,

hipBLAS, avoids these exceptions.

Answer to RQ3: Floating-point exceptions vary between AMD HIP and NVIDIA CUDA

platforms. FloatGuard detects exceptions in 498/500 synthetic HIP programs, compared

to 404/500 synthetic CUDA programs for GPU-FPX. For benchmarks, FloatGuard

detects 9/65 programs while GPU-FPX detects 11/65. The differences in how exceptions

arise are due to distinct implementations of library functions, compiler optimizations, and

hardware-specific exception handling.

4.4.5 Limitations

The evaluation results of FloatGuard, in terms of the floating-point exceptions captured

by the tool, are contingent upon hardware and software environments and the inputs of the

program. Different AMD GPUs, different compiler versions, or a different set of inputs, may

trigger a different set of exceptions in a same program. The code coverage of a program

when different inputs are tested can also vary, and may trigger floating-point exceptions
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on different code paths. FloatGuard users need to be cautious when they interpret

exception information from the output of FloatGuard; proposed fixes to these floating-

point exceptions may impact the correctness of the program when it is run under different

environments and inputs. Lastly, subsequent exceptions captured by FloatGuard may

be causally dependent on earlier ones; modifying code to prevent an earlier exception may

also suppress others. Therefore, thoroughly evaluating all potential floating-point exceptions

during execution may require analyzing all instructions that can trigger exceptions, along

with an input generation strategy to explore those conditions.

In terms of tool compatibility, since FloatGuard modifies assembly code, any inserted

code is dependent on the GPU architecture of interest. Users may need to modify the

instructions used in case a newer architecture changes register names, bit fields, and/or the

instructions used to set registers, according to the instruction set architecture manuals for

each GPU architecture.

In terms of reported floating-point exception information, FloatGuard outputs source

code locations at which floating-point exceptions are triggered; however, these source code

locations are based on the ROCgdb’s output, which in turn is based on compiler debugging

information. Compiler optimization passes, both from the Clang front-end and the AMD

GPU back-end, may cause inaccuracies. Furthermore, the accuracy of the reported floating-

point exceptions is dependent on the existing GPU exception triggering mechanism; the

binary code locations of floating-point exceptions given by ROCgdb may be delayed, as

described in Section 4.2.2, also resulting in potentially inaccurate information. Lastly, due to

ROCgdb’s limitations, FloatGuard only provides source code line information. Developers

must investigate the source code along with assembly locations around the reported locations

to pinpoint the cause of these floating-point exceptions.

Similar to the exceptions triggered by FloatGuard, slowdown ratio of FloatGuard is

contingent upon the environment it runs on. Different AMD GPU models, ROCm versions,

and input parameters may affect P in Equation (4.1); meanwhile CPU models and RAM

speed may affect OH in the same equation. Both variables affect the slowdown ratio.

Furthermore, as described in Section 4.4.2, the slowdown of using FloatGuard increases

as the number of floating-point exceptions increases; and some programs have a massive
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amount of floating-point exceptions, likely due to the fact that exceptional values, both

subnormal values and special values like Inf or NaN, can be passed downstream and continue

to trigger floating-point exceptions. In cases like these, FloatGuard introduces greater

slowdown with many reported exceptions being secondary. It is recommended that users

of FloatGuard either (1) focus on resolving the first exception found in a kernel, then

re-run FloatGuard to uncover any remaining exceptions, or (2) filter out floating-point

exceptions of less impact, such as input denormal and underflow. Lastly, FloatGuard’s

overhead is also affected for programs with longer link times.

Overall, the slowdown ratio may be reduced by minimizing the overhead of repeatedly

re-linking and re-executing the program upon each floating-point exception by methods such

as preserving the program state on the host side across successive kernel invocations. As

AMD’s ROCm platform continues to evolve, current limitations in floating-point exception

handling may be alleviated. For instance, future iterations of ROCm may allow recovery

of the program state from the GPU thread where the exception occurred. In such cases,

FloatGuard could be modified to eliminate or reduce the need for repeated execution,

thereby improving performance. Additionally, the development of tools similar to NVBit [74]

but for AMD HIP code, such as Luthier [75], could enable new approaches to floating-point

exception detection on AMD GPUs.

4.5 Related Work

This section discusses related work in floating-point exception analysis and floating-point

error analysis in general.

4.5.1 Floating-Point Exception Analysis

Several tools have been developed to detect floating-point exceptions across a variety of

platforms with different black box and white box testing techniques.

CPU Exception Detection. Similar to FloatGuard, FPSpy [76] leverages existing

condition codes inside status registers in x64 processors to detect floating-point exceptions.

It performs binary instrumentation of existing Linux x64 applications without modifying
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the binary or requiring extra work by developers, while FloatGuard injects code into the

intermediate assembly files. However, it is important to note that it is possible to rewrite

FloatGuard to directly inject code into binaries given appropriate tools.

Symbolic Execution Approaches. Ariadne [77] transforms a numerical program to

check for exception triggering conditions and uses symbolic execution on the transformed

program to find inputs that can trigger floating-point exceptions. More recently, EXC-

VATE [78] spoofs floating-point exceptions in numerical libraries to detect instances in

which the resulting special values are not propagated according to exception-handling policy.

For those, EXCVATE then uses an off-the-shelf SMT solver to generate concrete inputs

that induce the buggy behavior. However, none of the works above detects floating-point

exceptions for GPU programs.

NVIDIA GPU Exception Detection. Floating-point exceptions detection tools on

GPUs adapt to its heterogeneous, parallel execution characteristics. Various methodologies

are developed on CUDA programs running on NVIDIA GPUs due to the fact that there is

no exception status hardware presented in those GPUs. FPChecker [57] uses LLVM passes

to inject checking functions for each floating-point operation into the LLVM intermediate

representation (IR) of the program. These checking functions are then executed alongside

the original program during runtime analysis, and detects and records exceptional events.

FloatGuard ultimately does not utilize the approach of injecting code into LLVM IR

because of extensive backend optimizations done to the program after the post-optimization

LLVM IR code is generated, and instead opt for assembly level injection. BinFPE [58]

and GPU-FPX [59] both use the NVBit [74] framework provided by NVIDIA to perform

binary instrumentation on floating-point code. Both of them detect floating-point exceptional

events during GPU kernel execution, and transmit data from GPU to the host program.

GPU-FPX provides superior performance and better analysis of floating-point exceptions

with its detector and analyzer modules.

4.5.2 Floating-Point Error Analysis In General

There are other floating-point error detection and analysis tools that work with specific

errors in floating-point programs. These conditions found in these tools may correspond to
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floating-point exceptions that happen in the tested programs, but the tools themselves do

not directly identify these exceptions.

Precision Error Detection. Select tools that track precision errors are as follows:

S3FP [41] finds high precision errors in floating point programs with limited number of

variables and predefined value range restrictions; it uses binary guided random testing on a

black-box program executable to trigger the conditions that may cause high precision errors.

FPGen [48] is similar but uses symbolic execution while injecting error check functions in

the LLVM IR to trigger high precision errors, thus it is superior to S3FP in terms of high

precision errors.

Shadow Execution Techniques. FPSanitizer [44] and PFPSanitizer [23] use shadow

execution to run program snippets in an enhanced precision using posits [79], a replacement

format of IEEE floating-points, to achieve the same goal. Herbgrind [80], on the other hand,

analyzes program binaries and records the intermediate error of floating-point operations

and tracks how these operations influence program outputs and control flow. It also uses

symbolic execution to facilitate numerical analysis of floating-point errors. However, it does

not explicitly track floating-point exceptions as defined by IEEE 754.

Compiler-Induced Numerical Inconsistencies. On the other hand, there are also

tools that track compiler-induced numerical inconsistencies, which is characterized by the

difference in outputs for the same numerical program when it is compiled with different

compilers and/or compiler optimization flags. FLiT [5] uses bisection search to identify the

function in a program that is impacted by such inconsistencies; pLiner [2] and Ciel [31]

explore the algorithm further and can identify the line of code, or even an expression in the

case of Ciel, in a program that causes these inconsistencies. These inconsistencies found are

often related to how different floating-point exceptions are handled under different compilers

and/or optimization flags, but they themselves do not explicitly identify floating-point

exceptions; also, even when the source code locations found in these tools may correspond to

a floating-point exception, it does not track all floating-point exceptions encountered during

program execution.
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4.6 Conclusion

Modern HPC systems increasingly rely on AMD GPUs for scientific computing, yet existing

tools for detecting floating-point exceptions have been limited to NVIDIA architectures.

This work addresses this gap by presenting FloatGuard, the first framework for efficiently

detecting floating-point exceptions in HIP programs running on AMD GPUs. Our approach

leverages AMD GPU hardware registers and combines assembly- and source-level instru-

mentation with debugger-guided execution to overcome the limitations of AMD’s built-in

trapping mechanisms.

Our comprehensive evaluation on 565 HIP programs demonstrates that FloatGuard

can detect floating-point exceptions in 507 cases with a slowdown ratio that increases at

most linearly with the number of exceptions discovered. We also analyze the impact of

compiler optimizations on exceptions trapped and provide a detailed comparison with state-

of-the-art tools for NVIDIA GPUs, revealing important differences in floating-point exception

behavior between AMD and NVIDIA architectures. These insights are crucial for ensuring

the robustness and reliability of scientific applications across different GPU vendors.
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Chapter 5

Muppet: OpenMP Performance

Optimization via Mutation Testing

5.1 Problem and Motivation

While the previous chapters focused on numerical correctness, this chapter addresses a

complementary challenge: performance optimization at the source level. As discussed in

Section 1.1.2, compiler optimizations at the IR level are not portable across compilers and

make reasoning about correctness more difficult.

Limitations of Existing Approaches. A lot of work has been proposed to identify

performance issues, and several tools are used in current HPC production environments to

analyze the performance of applications [81–84]. However, the process of isolating performance

problems and/or generating tests to identify them is still mostly a manual process. Most

performance optimization techniques focus on highlighting performance hotspots in the

program, but ultimately they rely on programmers to identify code modifications that fix a

performance problem or improve overall performance.

Other approaches are based on the concept of quantifying hardware or runtime system

events [85–87], but metrics of these events do not directly relate to program performance,

and these approaches do not explicitly inform the programmer how to modify the code to

improve performance.
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Performance models could potentially solve performance problems given accurate models

for each available platform and application. However, performance models are notoriously

difficult to build accurately given the complexity of the HPC software stack and underlying

hardware. While there are solutions to build performance models for specific aspects of

the hardware and applications [88–90], they are usually not composable and thus of little

practical use in modeling an entire application and platform.

Our Approach. We present an approach based on mutation testing [91] to identify

source code changes, or mutations, that (1) improve performance, and (2) help developers

reason about performance at the source-code level, in contrast to IR- or assembly-level like

in existing methods. Since such an approach is based on source modifications, it is portable

across compilers.

Mutation testing has been proposed to identify correctness faults [91], and assumes that

a syntactic change (a mutant) along with an exploration campaign of multiple mutants

can help discover programs’ defects faster than traditional methods. While some previous

work has applied mutation testing to solve performance defects [92], mutation testing for

performance has not been applied on parallel code and/or HPC programs. We demonstrate

our approach in the OpenMP programming model, although our approach is also applicable

to other HPC programming paradigms such as CUDA and OpenACC.

We implement our approach in the framework named Muppet (Mutation-Utilized Parallel

Performance Enhancement Tester). Muppet generates a list of OpenMP mutations—changes

in existing OpenMP directives or additions of new OpenMP directives that could change

performance without likely changing correctness. Muppet then uses optimization algorithms

such as delta debugging [93], Bayesian optimization [36], and decision tree optimization [94]

to find a subset of mutations that yields the highest speedup.

Contributions. The contributions of this chapter are:

• A source-level approach that uses mutation testing to optimize HPC code. Our

approach considers five classes of source mutations and applies them in OpenMP

directives (Section 5.3).
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• A design and implementation of our idea in the Muppet framework via the Clang/L-

LVM front-end. Our approach integrates Muppet with several optimization algorithms,

including delta debugging, Bayesian optimization, and decision tree optimization. The

output of Muppet is a set of source modifications that produce a maximum speedup

among the explored mutations, without affecting correctness (Section 5.4).

• An evaluation on several benchmarks and proxy applications demonstrating that

Muppet is capable of identifying mutations that improve performance in 75.9% of the

evaluated programs, with the best speedup of 3.57x (Section 5.5).

5.2 Overview

In this section, we describe the philosophy of our approach, provide background information

on mutation testing, and provide a simple mutation example in a matrix multiply kernel

that improves performance.

5.2.1 Approach’s Philosophy

Existing approaches to isolate performance issues are difficult to use in practice. A number of

performance problems can be fixed by changes in the source code; however, existing methods

do not directly point to developers’ source modifications that fix such issues. Compilers

optimize code at the IR level but such solutions are not portable across compilers and make

it harder to reason about correctness than solutions based on source modifications.

We believe that tools and techniques for performance optimization should have the

following features:

• Fine granularity detection: tools should pinpoint, with fine granularity, the location

(code line) of performance issues or potential performance improvements.

• Guided fixes: the approach should help programmers understand and reason about

performance defects—without a good understanding, it is hard to solve the problem or

avoid it in the future.
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• Automatic recommendations: the approach should automatically suggest code

modifications that improve performance or fix a performance problem.

We designed Muppet using the above criteria to identify changes in OpenMP directives

that improve performance.

5.2.2 Mutation Testing for Performance

Challenges

The key idea of Muppet is to perform small changes in the code, called mutations, and use

exploratory algorithms to search for cases where mutations improve performance or fix a

performance problem. Mutation testing has been studied before to detect faulty programs by

injecting small syntactical changes that expose correctness defects [91]. The idea of mutation

testing is to generate sufficient data to expose real software defects in the code. However, it

is challenging to use traditional mutation testing in isolating performance defects because

the syntactic changes could create faults, i.e., breaking the semantics of the program and

producing incorrect programs.

Our Solution

Inspired by the previous work on mutation testing, we propose a different approach: to

inject only mutations that are semantically correct and do not yield an incorrect program for

the purpose of exposing performance defects or speedup opportunities. Semantically correct

mutants, or equivalent mutants, are considered problematic for traditional mutation testing

because by definition, they cannot fail the test suite, so they should be avoided to increase

the effectiveness of mutation testing. In contrast, our approach explores semantically correct

mutations, or a weaker form of mutations that successfully pass correctness tests, to identify

any mutations that increase performance, thus indicating performance defects.
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5.2.3 Mutation Example

Here, we present a synthetic matrix-multiplication example, shown in Listing 5.1, that

demonstrates Muppet’s capabilities—when we apply Muppet, it can find a set of mutations

that yields faster code execution.

Listing 5.1: Example code with a mutation found by Muppet that improves performance.

1 #define ARRAY_SIZE (2048)

2 double A[ARRAY_SIZE][ARRAY_SIZE];

3 double B[ARRAY_SIZE][ARRAY_SIZE];

4 double C[ARRAY_SIZE][ARRAY_SIZE];

5

6 int main(void) {

7 // initialize array and timer setup omitted

8 float var = 2.3f;

9 #pragma omp parallel for shared(var)

10 // mutation adds an OpenMP directive

11 #pragma omp tile sizes(16,16,16)

12 for (int i = 0; i < ARRAY_SIZE; ++i)

13 for (int j = 0; j < ARRAY_SIZE; ++j)

14 for(int k = 0; k < ARRAY_SIZE; ++k) {

15 C[i][j] += var*A[i][k]*B[k][j];

16 }

17 // end processing omitted

18 }

Originally, the code has only the OpenMP parallel for directive to parallelize the

loop. Muppet applies mutations to the existing OpenMP directives found in the code.

Note that while Muppet only considers semantically correct mutations (and are likely to

produce a correct program), it relies on existing correctness checks of the program, as shown

in Section 5.5.1 for the evaluated programs. Possible mutations are shown in Figure 5.2 as

references. When we run Muppet on this example with delta debugging, after 20 tryouts,

Muppet reports a mutation that, when applied to the program, improves performance. With

BO, it takes 66 tryouts to finish the optimization process; but the mutation was reported

with 11 tryouts. The identified mutation is highlighted in the source code. In this simple
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func1.c

main.c

...

Program Source

(1) Mutation Generator

List of Mutations

(2) Optimizer
(BO, delta debugging)

[0] main.c:398,33: 
add collapse (3)

[1] func1.c:293,35:
add tiling sizes 16

[2] func2.c:113,23:
add simd
...

Optimized Mutation Set

Terminate

[0] main.c:398,33: 
add collapse (3)

[1] func1.c:293,35:
add tiling sizes 16

[2] func2.c:113,23:
add simd
...

Mutation Subset
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func1.c
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func3.c

func4.c
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Mutated Program
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Optimizer can 
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Function output is returned to Optimizer

func2.c

func3.c

func4.c

[0] main.c:398,33: 
add collapse (3)

[1] func1.c:293,35:
add tiling sizes 16

[2] func2.c:113,23:
add simd
...

Figure 5.1: The workflow of Muppet. Red texts in italic indicates the mutation is applied, or the
source file is changed.

example, the mutation is the addition of the OpenMP tile construct, which converts the

three-dimensional loop space in this program into smaller-sized "tiles" in 16x16x16 increments

and suggests to the compiler that each tile is to be assigned to one OpenMP thread. In the

end, Muppet reports to the developer that adding this construct to the loop introduces an

18.84x speedup, from 7.116801 seconds to 0.377674 seconds.

5.3 Approach

5.3.1 Problem Statement

Given an OpenMP program P with running time T , Muppet analyzes the program and

generates a set of mutations, M = {m1,m2, ...,mn}, which potentially could induce program

speedup. We define the program running time for the original variant program as:

T = P (∅)

We define the running time for a variant program as:

T ′ = P (M ′),where M ′ ⊆ M, and accurate(P,M ′) = True.
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We define the ideal minimum program running time as:

Tmin = P (Mmin),

where Mmin ⊆ M,

and accurate(P,Mmin) = True,

and ∀M ′ ⊆ M,T ′ >= Tmin

The goal of Muppet is find a subset of M , Mmin′ , with Tmin′ as close to Tmin as possible.

5.3.2 Tool Workflow

The overall workflow of Muppet is illustrated in Figure 5.1. The purposes of these modules

are described below:

• Mutation generator analyses the program and finds a set of source code mutations,

which can potentially be applied to change the OpenMP parallelism of the program.

• Transformer generates a program variant with a subset of mutations found in the

Mutation generator module.

• Tester runs the mutated programs from Transformer and tests the performance speedup

and correctness of the mutated variant.

• Optimizer applies a user-specified optimization algorithm to find the minimum of the

function T ′ = P (M ′).

In the next subsections, we describe the details of these modules, following the order as

they appear in Figure 5.1.

5.3.3 Mutation Generator

The Mutation Generator module traverses the abstract syntax tree (AST) of the program,

looking for source code locations that potentially can be mutated so that program parallelism

is changed. The time complexity of this step is O(n) where n is the number of statement
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nodes on the AST. The mutators in Muppet focus on mutating parallel/loop OpenMP

constructs such as the parallel directive, for directive, or the parallel for directive. All

of these directives specify a source code region to be executed in parallel, but the parallelism

may not be high enough to utilize all available cores for the OpenMP program. Muppet also

looks for the beginning of for loops for both SIMD mutations. Lastly, tiling mutations

may be added in code locations where tiling is possible to be performed in an inner part of a

multiple-dimension parallel loop.

Mutation Classes

There are five classes of mutations possible to apply to certain source code locations:

• Collapse Mutations add a collapse clause to a multiple-dimension parallel for

loop. Collapse clauses may potentially improve parallelism by having more iterations,

thus higher hardware thread usage, at the top level of the loop.

• SIMD Mutations have two forms: adding a simd clause to an OpenMP parallelism-

related directive such as a parallel for loop or an omp for loop; or adding a simd

directive to a for loop. SIMD clauses or directives hint at the compiler to check if

there is a possibility to vectorize the loops and apply SIMD vectorization if possible.

• Tiling Mutations add tile directives at the top of a multiple-dimension OpenMP

loop. Tile directives split the loop space into smaller-sized "tiles", and each tile is

ideally only accessed by one OpenMP thread. This design can potentially improve

cache locality depending on how the data within memory is accessed within the loops,

and thus may also introduce performance speedup. Due to the difficulty in determining

loop size at compile time, Muppet only supports setting a fixed set of differently sized

tiles as different mutations. For example, we can only set the tile size as a power of

8, 16, or 32. Given the limitations, users can still see from the optimization results

whether using a smaller or larger-sized tile can have a higher speedup.

• Firstprivate Mutations put read-only shared variables into a firstprivate clause

for an OpenMP parallel region, so that these variables are kept a copy in each parallel
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thread. These mutations are designed to reduce data dependency between parallel

threads when these variables are accessed.

• Schedule Mutations add a schedule clause to an OpenMP parallel or parallel

for directive. OpenMP by default statically assigns loop iterations to OpenMP threads

when running a parallel block. This mutation modifies the scheduling behavior of

OpenMP programs. Similar to tiling mutations, Muppet supports two different

schedule mutations: dynamic- and auto-scheduling, implemented as two different

mutations for each parallel block.

For all mutations, once a language construct of interest is detected, the Mutation Generator

module then checks the associated source code around the current language construct. If

the source code around it satisfies certain statically defined criteria (see Section 5.3.3), then

unique information regarding the current mutation, such as source location, the way source

code is modified with this mutation (insert before a source code location, insert after a source

code location, modify a source code range), and the class of the mutation is added to the list

of mutations. The algorithm for this process is shown in Algorithm 4.

Criteria Selection

The criteria for each class of mutation follow the syntax of OpenMP language specifications.

These criteria can be expanded for any new class of mutations added. A list of criteria is below:

• Mutations should not be added in a for loop that has statements that change the

control flow, such as a break, continue and a return statement. OpenMP parallel

loops in existing code already follow this rule, but other standalone for loops may not,

so condition checking is necessary.

• Tiling and SIMD mutations should not be added when the affected OpenMP block

contains specific OpenMP directives such as a critical, barrier, or a master directive.

• There should not be OpenMP blocks inside SIMD directives, otherwise such mutations

should not be added.
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Algorithm 4: The mutation generator algorithm.
1 Function GenerateMutations(AST):
2 M = ∅;

// Traverse the AST.
3 foreach Statement in AST do
4 if Statement is an OpenMP directive then
5 if can add collapse mutation then
6 M = M ∪CollapseMutation(Statement);

7 if can add SIMD mutation then
8 M = M ∪ SIMDMutation(Statement);

9 if can add tiling mutation then
10 M = M ∪TilingMutation(Statement);

11 if can add firstprivate mutation then
12 M = M ∪FirstprivateMutation(Statement);

13 if can add schedule mutation then
14 M = M ∪ ScheduleMutation(Statement);

15 if Statement is a for loop then
16 if can add SIMD mutation then
17 M = M ∪ SIMDMutation(Statement);

18 if can add tiling mutation then
19 M = M ∪TilingMutation(Statement);

20 return M

• In general, there should only be SIMD directives inside a SIMD directive, and no other

directives are allowed.

We illustrate applicable OpenMP mutations in the previously shown matmul example

in Figure 5.2. The one that shows the highest speedup in matmul is the tiling mutation.

5.3.4 Optimizer

Once a list of mutations is generated, it is exported to the Optimizer. This module runs an

optimization algorithm specified by the end user to find the minimum point of T ′ = P (M ′).

During the optimization process, it finds specific points on the T ′ = P (M ′) function by

selecting a subset of mutations, sending these mutations to the Transformer and Tester

module, and receiving T ′ from the Transformer and Tester module once the mutated program

has finished execution and running time statistics are collected.

Muppet supports three optimization algorithms: delta debugging [93], Bayesian Opti-

mization [36], and decision tree optimization [94]. The goal of all three algorithms, albeit

vastly different in implementation, is to find the subset of source mutations that would

introduce maximum speedup. The inclusion in Muppet of a variety of algorithms shows how
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#pragma omp parallel for shared(var)

for (int i = 0; i < 2048; ++i)

  for (int j = 0; j < 2048; ++j)            

    for(int k = 0; k < 2048; ++k)

      C[i][j] += var*A[i][k]*B[k][j];

#pragma omp parallel for shared(var) 

collapse(3)

for (int i = 0; i < 2048; ++i)

  for (int j = 0; j < 2048; ++j)            

    for(int k = 0; k < 2048; ++k)

      C[i][j]+=var*A[i][k]*B[k][j];

#pragma omp parallel for simd 

shared(var)

for (int i = 0; i < 2048; ++i)

  for (int j = 0; j < 2048; ++j)            

    for(int k = 0; k < 2048; ++k)

      C[i][j]+=var*A[i][k]*B[k][j];

#pragma omp parallel for shared(var)

#pragma omp tiles size(16,16,16)

for (int i = 0; i < 2048; ++i)

  for (int j = 0; j < 2048; ++j)            

    for(int k = 0; k < 2048; ++k)

      C[i][j]+=var*A[i][k]*B[k][j];

#pragma omp parallel for 

firstprivate(var)

for (int i = 0; i < 2048; ++i)

  for (int j = 0; j < 2048; ++j)            

    for(int k = 0; k < 2048; ++k)

      C[i][j]+=var*A[i][k]*B[k][j];

#pragma omp parallel for 

schedule(dynamic, 25)

for (int i = 0; i < 2048; ++i)

  for (int j = 0; j < 2048; ++j)            

    for(int k = 0; k < 2048; ++k)

      C[i][j]+=var*A[i][k]*B[k][j];

Collapse

SIMD

Tiling

Firstprivate

Schedule
Figure 5.2: Classes of mutations in Muppet.

algorithms with vastly different original purposes can solve the same problem in different ways

with varying efficacy. Muppet can also be extended to run other optimization algorithms

such as differential evolution or simulated annealing. The details for each algorithm and how

they are adapted to Muppet are detailed below.
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Figure 5.3: Two simple examples illustrating the delta debugging algorithm.

Delta Debugging

Delta debugging (DD) is an algorithm that was originally developed as a software testing

algorithm to isolate bugs inside a program, which is then adapted into finding speedup in

program variants in previous work such as Precimonious [95] with regards to precision tuning.

We follow the LCCSearch algorithm in [95], where a change set in our adaptation of the

algorithm is defined as the set of mutations that are applied to the original program, and

the outputs are a minimal change set which causes speedup.

To illustrate how delta debugging is adapted to Muppet, we show two simple examples

in Figure 5.3. The change set is initially assigned as the set of all mutations. Then Muppet

starts testing mutated program variants with all mutations, with the first half of mutations,

and with the second half of mutations. In (a), the second half of mutations cause speedup,

thus the second half of mutations become the new change set, and then this new change set is

split in two halves and test their performance speedup respectively. In (b), none of the halves

cause speedup, thus Muppet split the mutations into 4 parts instead of 2 and test each part

and its complement set, respectively, as shown in Round 3. If a single part among these 4

parts causes speedup, then similar to (a), that part becomes the new change set and is split

again in two for further testing. If a complement set (3 parts in this case) causes speedup, as

shown in the figure, this means that excluding that one part improves performance, thus

the change set becomes the remaining 3 parts for further performance testing, as shown
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in Round 4. The algorithm finishes running when every part in the algorithm is a single

mutation and cannot be split further.

The time complexity of delta debugging is O(n · log(n)) where n is the number of possible

mutations in the average case; in the worst case, the time complexity is O(n2).

Bayesian Optimization

Bayesian Optimization (BO) is a common optimization algorithm that approximates a

computationally expensive function, such as the programs tested in Section 5.5. In Muppet,

Gaussian processes are used as surrogate models to approximate program time characteristics,

an acquisition function is used to predict the next input to be tested for performance, and

the result of the next input (running time) is then sent back to improve the surrogate model.

BO does not have the assumption of the function forms, which makes it an appropriate

algorithm to use in Muppet.

There is one difficulty in adapting BO to Muppet: BO requires the function to be in the

form of y = f(x) where x is a list of number inputs, while y is a floating-point output (in our

case, program run time). Meanwhile the input parameter of the function to be optimized,

T ′ = P (M ′), is a subset of mutations. Therefore we optimize T ′ = P (Mb′) instead where:

Mb′ = {mb1,mb2, ...,mbn}

mbi =


1, if mi ∈ M ′

0, otherwise

In this way, we assign 0 or 1 for each element in the set of mutations according to whether

the mutation is in the subset. For example, if M = {m1,m2,m3,m4}, M ′ = {m1,m3}, then

Mb′ = {1, 0, 1, 0}. The converted list of 0 and 1 can be accepted by BO as input parameters.

The computational complexity of Bayesian optimization is O(n3) where n is the number

of mutations, however, some methods reduce the computation time, as shown in [96].
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Decision Tree optimization

Similar to BO, decision tree optimization (FO) also uses a surrogate model to approximate

an expensive function, and an acquisition function to estimate the next input for running

time evaluation, and the running time output is also sent back to improve the surrogate

model. However, in this case, a decision tree regression model is used instead. We decide

to use random forest [97] as the surrogate model here. Also similar to BO, FO optimizes

T ′ = P (Mb′) function by assigning 0 or 1 for each mutation in the mutation set.

The computational complexity of decision tree optimization using random forest is

O(n · log(n) · d · k) where n is the number of points in the training set, d is the number of

mutations, and k is the number of decision trees in the forest.

5.3.5 Transformer and Tester

The Transformer and Tester modules read the list of mutations from the Optimizer module,

mutate the program into a variant, and run the variant to see if there is any speedup while

maintaining the correctness of the program.

Compilation and Conflicts Checks

Even though there are already criteria placed in the Mutation Generator module for each

mutation class to ensure that all mutations generated are syntactically correct, there are still

situations where two mutations, when applied to the same programs at the same time, cause

conflicts between them. If Muppet lets these conflicts pass without checking during the

transformer phase, it would cause a large number of mutated program variants that do not

compile. Thus, to save execution time, when the Transformer module traverses the program,

it also statically checks and circumvents certain conflicts. These conflict checks can also be

customized in the case where new classes of mutations are implemented or new conflicts are

discovered during testing. Existing conflict checks in Muppet are listed below:

• An active SIMD directive mutation should not be inside an active collapse or tiling

mutation. Any mutation that causes this conflict will not be applied.
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• An active tiling directive mutation should not be inside an active SIMD mutation. Any

mutation that causes this conflict will also not be applied.

• Every variable inside an OpenMP parallel region is checked. If the variable is read-only,

and not in a list of existing private variables, then it will be included in the list of

variables in the firstprivate mutation.

5.4 Implementation Details

5.4.1 Tools Used to Implement Muppet

Muppet is implemented with a variety of programming languages and toolsets. The Mutation

Generator and the Transformer modules are implemented via Clang plugins. Given the

nature of our work on source-level OpenMP mutations, Muppet is compatible with programs

compiled with any C/C++ compiler as long as it supports OpenMP 5.01. There are a few

components in Clang that are capable of performing source-to-source code transformation

besides Clang plugins, such as libtooling and libclang. Sending Clang plugin calls as compiler

parameters to the build system ensures that all source files are processed by the Mutation

Generator and the Transformer modules. Muppet only requires minimal changes to the

build systems for it to work on new programs, which is described in Section 5.4.3.

The Optimizer and Tester modules, and the overarching framework managing the commu-

nication between modules, on the other hand, are implemented in Python 3.10, to leverage

the existence of a mature set of Python optimization modules such as scikit-optimize [98].

5.4.2 Modular Extension

Since Muppet uses a modular approach, each of the four modules shown in Figure 5.1 can be

replaced to implement an analogous functionality. Optimization algorithms can be replaced,

as mentioned in Section 5.3.4. Even language support can be extended; while currently

Muppet targets C/C++ programs with OpenMP language constructs, it is possible to target
1By disabling certain classes of mutations such as tiling, Muppet is compatible with programs built with

compilers that only support lower versions of OpenMP such as 4.5, although the speedup discovered would
potentially be lower.
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FORTRAN programs by rewriting the Mutation Generator and Transformer modules with a

source-to-source FORTRAN compiler such as ROSE [99].

5.4.3 Making Muppet Work with Your Own Program

For better management of programs, Muppet calls a customized version of the FAROS

build system [100]. Muppet accepts a YAML config file that contains program entries,

with commands for a variety of functionalities such as analyzing, transforming, building and

running the specified program. With FAROS, it is easy to add new programs to perform

OpenMP mutation testing for speedup by simply adding new entries into the config file.

Entries and Correctness

An example entry for a locally stored simple matrix multiplication program is shown in

Listing 5.2. It sets up commands for each step used in Muppet, such as building, calling

plugins for mutations, running the program, extracting running time statistics from program

output, and cleaning. Note that the call_plugin part of the YAML file was not originally

a part of FAROS and is an addition of Muppet to FAROS to analyze and transform

program source code. In addition to the YAML file, the only changes required for the

matmul source code is (a) modify the build scripts (Makefile targets func_analysis and

trans_mutations in this case) so that it accepts parameters for calling the Clang plugins,

and (b) add correctness check code that parses program output and determines if the mutated

program variant still runs correctly.

Listing 5.2: YAML config file for matmul.

1 matmul: fetch: ’cp -r ../../../ extra/matmul .’

2 build_dir: ’matmul ’

3 build: {

4 omp: [’make CC=clang++ OPT_LEVEL=3 OMP=1’],

5 }

6 call_plugin: {

7 analysis: [’make func_analysis OMP=1’],

8 mutate: [’make trans_mutations OMP=1’],

9 }
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10 copy: [’matmul ’ ]

11 bin: ’matmul ’

12 run: ’./matmul ’

13 input: ’’

14 measure: ’Work consumed (\d+\.\d+) seconds ’

15 clean: ’rm -r *.*; cp ../../../../ extra/matmul /*.* .’

5.4.4 Customizing Muppet Runtime Parameters

User can select between delta debugging, Bayesian optimization and decision tree optimization

when using Muppet. Bayesian optimization and decision tree optimization are implemented

with gp_minimize and forest_minimize functions in scikit-optimize, while delta debugging

is implemented from scratch, adapting the algorithm described in Precimonious [95], since it

has no publicly available Python implementations.

Since the running time for each program run may have variability that should not be

counted as speedup, to reduce the impact of such variability affecting the reported speedup,

users can customize Muppet parameters to change how it measures running time. The

times parameter instructs Muppet to run a specified number of repetitions for each variant,

and collect running times for each run; the shuffle switch, only available for delta debugging,

randomly shuffle the order of mutations so that the delta debugging algorithm partitions these

mutations differently each time (users can still specify the same random number generator

seed for the same shuffle result). Lastly, users can choose between using the minimum

running time in all repetitions, or using the average running time, as the fitness function

for all optimization algorithms. Our evaluation of Muppet uses some of these parameters

which are discussed later in Section 5.5.1.

5.5 Experimental Evaluation

This experimental evaluation answers the following research questions:

RQ1 Does Muppet discover source code mutations that induce speedup for OpenMP

programs, and how does it perform with different algorithms?
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Table 5.1: Problem size and running time for evaluated programs.

(a) Benchmarks (Rodinia, NPB-CPP, HPCGs)

Program Parameters Min. Time Avg. Time

backprop 16777216 13.270s 13.506s
cfd fvcorr.domn.193K 18.527s 18.535s

b+tree file mil.txt
command command.txt 1.536s 1.539s

heartwall test.avi 20 14 2.259s 2.266s

hotspot 1024 1024 16384 14
temp_1024 power_1024 3.896s 3.921s

hotspot3D 512 8 1000 power_512x8
temp_512x8 2.726s 2.737s

kmeans kdd_cup 1.727s 1.752s
lavaMD -cores 14 -boxes1d 32 4.177s 4.191s
leukocyte 5 14 testfile.avi 1.481s 1.549s
lud -n 14 -s 3200 5.638s 5.847s
myocyte 1000 500 1 14 5.186s 5.221s
nn filelist.txt 10000 30 90 1.825s 1.835s
nw 32000 10 14 1.332s 1.346s

particlefilter -x 512 -y 512 -z 100
-np 10000 2.936s 2.991s

pathfinder 1000000 100 2.992s 3.066s

srad 1024 1024 0 127 0 127 1 0.5
100 3.443s 3.476s

streamcluster 10 20 256 65536 65536
1000 none output.txt 14 10.780s 11.066s

FT CLASS=A 1.257s 1.262s
LU CLASS=A 4.933s 4.956s
MG CLASS=A 3.617s 3.704s
SP CLASS=A 31.526s 31.675s
BT CLASS=A 42.574s 42.590s
CG CLASS=B 22.512s 22.735s
EP CLASS=B 6.244s 6.248s

HPCG 96 96 96 15.548s 15.620s

(b) Scientific Applications

Program Parameters Min. Time Avg. Time

LULESH -i 1500 -s 35 11.346s 11.740s

CoMD -e -i 1 -j 1 -k 1
-x 20 -y 20 -z 20 2.304s 2.418s

CoSP2 –hmatName hmatrix.1024.mtx
–N 12288 –M 16384 4.266s 4.312s

CLOUDSC 14 100 4 (500 iterations) 8.160s 8.187s
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RQ2 How does Muppet compare when using different optimization algorithms, with limited

time budget/tryouts?

RQ3 What kind of mutations does Muppet discover that cause significant speedup?

5.5.1 Evaluation Setup

Benchmarks

We use a variety of C/C++ OpenMP programs to evaluate Muppet. These programs are

from different fields of scientific computing, utilize a variety of computational kernels, and

have different levels of OpenMP parallel optimizations: some are reference implementations

with the purpose of maintaining the correctness of the program, while others are manually

optimized code. The list of programs tested includes benchmark programs like Rodinia bench-

marks [101], NPB-CPP [102], HPCG [70], and scientific applications such as LULESH [103],

CoMD [104], CoSP2 [105], and the CLOUDSC cloud physics mini-app [15].

Among the benchmarks tested, Rodinia is a benchmark suite designed to test heteroge-

neous accelerators, but it also contains OpenMP version of their benchmarks for evaluation

on the CPU side. In our evaluation, we choose 17 OpenMP benchmarks which run for a

long enough time for performance measurement to be possible. They cover a wide range of

topics, from medical imaging, fluid dynamics, data mining, to linear algebra. NPB-CPP

is the C++ version of NAS Parallel Benchmarks [106] and supports various programming

frameworks on shared-memory architectures including OpenMP. These benchmark programs

focus on computational fluid dynamics (CFD). HPCG is a benchmark program that performs

multigrid preconditioned conjugate gradient iterations, and it is a standard program to

measure the performance of HPC systems. The problem sizes and original running time

for these benchmark programs tested are shown in Table 5.1 (a). We use a combination

of existing and customized result verification routines to determine the correctness of the

results from mutated program variants.

Among the scientific applications tested, LULESH is a proxy application simulating

the Shock Hydrodynamics Challenge Problem. CoMD is a proxy application implementing

classical molecular dynamics algorithms and workloads as used in materials science. CoSP2
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is a reference implementation for quantum molecular dynamics (QMD) electronic structure

code. Lastly, CLOUDSC is a standalone mini-app of the ECMWF cloud microphysics

parameterization for its Integrated Forecasting System (IFS). Evaluating these programs

may show the efficacy of Muppet in helping software developers in scientific computing

optimize the parallel performance of their programs. Again, the problem sizes and original

running time for these applications tested are shown in Table 5.1 (b). As for correctness

checks, for both LULESH and CoMD, we use the approach presented in [17] to determine

the correctness of the program. For LULESH, we consider iteration count, final origin energy,

and TotalAbsDiff as the output; for CoMD, we use the final energy as output. For CoSP2,

we consider the AAN and fraction values to determine whether the mutated program variant

runs correctly. And lastly, for CLOUDSC, we use its internal verification routine for this

purpose.

Algorithm Parameters

We use delta debugging, Bayesian optimization, and decision tree optimization in our

evaluation. Given the fact that program running time varies across the programs being

evaluated, we put a tryout limit of 100 for all programs tested across all three algorithms,

instead of using a total time limit. Algorithms may finish before the tryout limit. Parameters

for Bayesian optimization are n_calls=100, n_initial_points=10, and noise="Gaussian",

and parameters for decision tree optimization are n_calls=100, n_initial_points=10,

acq_func=

"LCB", kappa=1.6, base_estimator="RF".

Evaluation Environment

We use a workstation computer with two 14-core Intel Xeon E5-2694v3 CPUs and 32GiB of

RAM, running Ubuntu 22.04. We use Clang 16.0.6 with OpenMP 5.1 support as the compiler

for both source-to-source code transformation. We use both gcc (Rodinia, CLOUDSC) and

clang (others) to compile the original programs and their mutated variants, to demonstrate

the adaptability of our tool to different compilers. Using OpenMP 5.1 enables us to build

programs with tiling clauses as well.
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We also ensure that performance variation is minimized between program runs. We

avoid CPU context switching by limiting the programs to run on hardware threads on the

second CPU by forcing the taskset -c 14-27 command in FAROS. Hardware quiescing, as

defined by [107], is also performed to reduce performance fluctuations, such as turning off

both simultaneous multithreading and dynamic frequency scaling.

As for running time statistic collection, each mutated variant is run 3 times and use the

minimum running time as the program running time T . As a comparison, we also record

the average running time for each tryout and evaluate if there is any possible discrepancy

between average and minimum running time, but this statistic is not used as the fitness

function output for optimization algorithms. We use the minimum running time as the

output of the fitness function because as stated in [107] it is best at rejecting noise introduced

by the evaluation environment, since any running time higher than the minimum must be

due to such noise. However, we still measure speedup for average running time to evaluate

how performance variability affects running time across all programs.

5.5.2 RQ1: Speedup Discovered by Muppet

Even though we take various measures to reduce performance variability in our evaluation

system, it is still not completely removed. Therefore, to determine if a mutated program

variant shows speedup, we use the 1% threshold. If among the 3 runs, the time improvement

between the minimum running time or between the average running time is less than 1%, we

do not consider the current subset of mutations as speedup-inducing.

The time improvement discovered by all three algorithms with Muppet is shown in Ta-

ble 5.2, where columns 2-4 show the time improvement when comparing the minimum running

time of the best variant against the original, and columns 5-7 show the time improvement for

the average running time. Our evaluation shows that there are 75.9% of programs (22 out of

29 programs; in which there are 18 out of 25 benchmark programs and 4 out of 4 scientific

applications) in which delta debugging can find a subset of mutations that, when applied,

can cause speedup while maintaining the correctness of the program. The other 7 programs

show negligible (<1.01x) or no speedup, as shown in red background in Table 5.2. The

largest speedup observed is from the hotspot benchmark in Rodinia, with a 257.59% time
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improvement or 3.57x speedup. Three other benchmark programs have over 1.1x speedup

(lud and nn in Rodinia, and MG in NPB-CPP).

On the other hand, both Bayesian optimization and decision tree optimization find the

same number of programs—72.4% (21 out of 29 programs) in which a subset of mutations

is found to induce speedup. They also find one more program, HPCG, with >1.1x speedup,

compared to delta debugging. The programs with discovered speedup are the same across

three algorithms, except in SP where delta debugging finds a subset of mutations that cause

speedup, but the other two algorithms cannot.

Next, we compare the speedup discovered in individual programs by the three algorithms.

Even though the speedup discovered by these algorithms looks roughly the same for a majority

of programs, after comparing speedup for all programs, we find that in the 21 programs in

which all algorithms find speedup in average running time, delta debugging can only find the

maximum speedup among three algorithms in 2 programs, while Bayesian optimization and

decision tree optimization finds the maximum speedup in 10 and 9 programs respectively.

This shows that Bayesian optimization and decision tree optimization are slightly superior in

finding the maximum speedup (when they can find any speedup at all). Also interesting to

note, in some programs, such as backprop and LULESH, the speedup discovered for average

running time is higher than the speedup discovered for minimum running time, which may

suggest a reduction in performance variability in mutated program variants.

Answer to RQ1: Of all 29 programs tested, delta debugging can discover a subset

of mutations that cause speedup in 22 (75.9%) of them; Bayesian optimization and

decision tree optimization can discover speedup in 21 (69%) of them. The highest speedup

discovered is 3.57x in hotspot. Bayesian optimization and decision tree optimization are

slightly better than delta debugging in finding the highest speedups.

5.5.3 RQ2: Time Comparison between Different Algorithms

The time complexity of all algorithms in Muppet is defined in Section 5.3.4 but they

are all subject to performance variability in the fitness function which in Muppet is the
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Figure 5.4: The number of tryouts used by each algorithm in Muppet to terminate the optimization
algorithm (maximum is 100).

measured running time. Therefore it is preferable to look into the actual performance of

these algorithms in programs tested.

We collect information on the number of total tryouts attempted for each program by each

algorithm with the 100 tryout limit, and the statistics are shown in Figure 5.4. For programs

with a smaller amount of possible mutations, such as most benchmarks in Rodinia except

myocyte and particlefilter, delta debugging can terminate before 100 tryouts. Even

for NAS Parallel Benchmarks, there are still programs like FT and SP that terminate early.

Meanwhile, for the other two algorithms, only 2 (hotspot and nn in Rodinia benchmarks)

out of 29 programs terminated before 100 tryouts. This shows delta debugging is better than

the other two algorithms in total time used when all three algorithms can find mutations

that cause speedup in a program. In total, in 21 out of 29 programs, delta debugging uses

fewer tryouts to finish its algorithm. In the remaining 8 programs, all algorithms terminate

at the 100 tryout limit.

Our observation of logs shows that even when speedups can be discovered in relatively

few tryouts for both BO and FO, the algorithms do not terminate and they continue to look

for the next input that causes greater speedup. This is likely because of the noisy nature of

the fitness function introduced by software and hardware environments.

Next, we evaluate how many tryouts it takes for different algorithms to first discover a

subset of mutations that cause a non-negligible speedup. Figure 5.5 shows the maximum
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Figure 5.5: Time lapse graphs showing the speedup discovered for selected programs by Muppet,
using different algorithms.

speedup discovered by each algorithm for 6 programs over time. For the two programs in

the top row, hotspot3D and MG, all three algorithms find a subset of mutations that cause

roughly the same amount of high speedup, even though it takes decision tree optimization

more tryouts to achieve that. For the two programs in the middle row, CoMD, and LU, delta

debugging uses fewer tryouts to find a subset of mutations that cause relatively high speedup,

but eventually, Bayesian optimization and decision tree optimization catch up and find a

subset of mutations that has an even higher speedup. For HPCG, Bayesian optimization and

decision tree optimization find much higher speedup than delta debugging almost immediately

and even improved their highest speedup throughout the process. The findings for these

three programs are consistent with Section 5.5.2. Lastly, we look into an example SP where

only delta debugging finds speedup. It takes delta debugging almost 20 tryouts to find the

first subset that contains the speedup-inducing mutations. Before that, delta debugging can

only find subsets of mutations that slow down the program.
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Answer to RQ2: In 21 out of 29 programs, delta debugging can finish its search algorithm

faster than both Bayesian optimization and decision tree optimization. For the other 8

programs, Muppet terminates at the 100 tryout limit. However, the other two algorithms,

after more tryouts, can usually find the same or even higher speedup, except for SP.

5.5.4 RQ3: Analysis of Mutations Found by Different Algorithms

Next, we look at the subset of mutations that cause the highest speedup found by each

algorithm. The number of possible mutations for each program, and the number of remaining

mutations in those subsets are shown in columns 8-11 in Table 5.2. Note that except in

programs like hotspot or hotspot3D where the number of possible mutations itself is small,

the number of remaining mutations in the subset of mutations found by delta debugging is

always much smaller than both Bayesian optimization and decision tree optimization. Since

we know from Section 5.5.2 that delta debugging is slightly inferior when finding a subset of

mutations that cause maximum speedup, it is likely that the mutations not included in the

subset found by delta debugging causes minor speedup that contributes to the maximum.

Since the number of mutations found by delta debugging is small, next we look into them

for some individual programs with the highest speedups discovered to find out what kind of

mutations we can find that cause significant speedup. We achieve this by looking into the

runtime logs of delta debugging. In hotspot3D, the mutations that cause speedup consist

of a firstprivate clause at the omp parallel directive in the computeTempOMP function, and

some SIMD directives in the multiple-dimension loop. In MG, two tiling mutations, when

applied to the parallelized loops in functions psinv() and resid() induce 1.03x and 1.08x

speedup, while some other mutations cause minor speedup.

Lastly, we also look into SP, a program where only delta debugging finds speedup. The

runtime log of both Bayesian optimization and decision tree optimization shows that a

lot of subsets of mutations these algorithms generate slow down the program, sometimes

the running time is longer by as much as 25%. These two algorithms would likely take

significantly more than 100 tryouts to eliminate all mutations with negative speedup, while

delta debugging quickly isolates the 4 out of 870 mutations that cause speedup with only 60
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tryouts. These few mutations are from SIMD and tiling mutations in the first two parallel

loops in the lhsz() function. This shows that delta debugging is superior when there are

many mutations that slow down the program.

Answer to RQ3: Among three algorithms, delta debugging isolates mutations causing

significant speedup most quickly. Investigation into mutations that cause the highest

speedups in programs evaluated shows that tiling mutations cause some of the most

significant speedups discovered, while other mutations also contribute.

5.5.5 Discussion of Results and Limitations

Our evaluation shows that delta debugging is the fastest among all algorithms while dis-

covering speedups in more programs tested. However, Bayesian optimization and decision

tree optimization discover the highest speedups. Therefore, the choice between algorithms

depends on the intended purpose of the end user. In a time-limited situation, it is preferable

to use delta debugging to discover mutations that result in speedup; the other two algorithms

are more suitable in situations where finding a speedup as high as possible is a priority.

The experimental evaluations in this chapter are performed with programs that are

compiled with a fixed compiler and optimization flags, both for the original program and its

mutated variants. We also use fixed problem sizes and input files for all programs. Even

though we use different compilers to evaluate the performance of evaluated programs and the

problem sizes for our programs are varied, we cannot ensure that the mutations discovered

with Muppet would also induce the same amount of speedup when either the compiler,

optimization flags or runtime parameters are changed; the speedup may become larger or

smaller. It is also possible that under different environments, a new performance hotspot may

emerge so that running Muppet in such an environment would return different mutations to

achieve speedup. Furthermore, our evaluation is performed on a workstation with a limited

number of CPUs and cores. Using different hardware (CPU, RAM, etc.) or using OpenMP

offload may also change the speedup and/or the mutations discovered. Nonetheless, our

approach is compatible with any C/C++ compiler in any hardware and software environment,

and the mutations discovered are portable across compilers.
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Muppet is a dynamic tool that relies on mutation testing and it does not perform

static performance modeling, nor does it perform instrumentation. The Mutation Generator,

Translator, and the optimization algorithm take up negligible time during the running of

Muppet, thus the running time of Muppet can be approximated as T · I where T is the

running time of the original program and I is the number of tryouts, differed by algorithms.

Thus the running time of Muppet is linearly correlated with T , and would be much longer

when T is larger, such as when the program has more possible OpenMP mutations, mutations

that significantly slow down the mutated variant such as those in SP described in Section 5.5.4,

and/or when the program is run with larger problem sizes. Even with HPCG, it takes Muppet

5.5 hours to complete running with Bayesian optimization (4 hours with delta debugging) on

the reference computer; while its original program only runs for 15.6 seconds. A combination

of mutation testing and heuristics from program analysis may be needed to improve the

search performance of Muppet.

The efficacy of Muppet also varies due to factors in program source code. Muppet is

a source-level approach; this means that some mutations may already be applied manually

by software developers and are no longer possible mutations as seen by Muppet. The

amount of parallelism involved in the mutations may impact its efficacy as well, according to

Amdahl’s Law [108]. However, our experimental evaluation shows that Muppet can still assist

developers in finding previously unknown optimization opportunities, even in widely used,

long-established performance benchmark programs such as HPCG. Muppet can also be useful

at finding optimization opportunities when migrating programs to newer OpenMP versions,

as shown in examples like MG where tiling mutations that improve performance are discovered.

Lastly, due to time limitation, and given the fact that IR-level compiler optimizations are

possibly already integrated into the compilers available, a comprehensive comparison between

Muppet and IR-level compiler optimizations is not performed. As stated in Section 5.1,

since Muppet is a portable, source-level approach, it can and should be used in addition

to compiler optimizations. Software developers can use Muppet to discover and apply

mutations into their source code to speed up their programs and avoid leaving optimization

opportunities on the table, regardless of the utilized compilers and their optimizations, which

may be specific to a compiler and thus not portable.
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5.6 Related Work

This section discusses related work in mutation testing, general auto-tuning techniques, and

OpenMP-specific auto-tuning.

5.6.1 Mutation Testing

Mutation testing has already been proposed to identify correctness defects [91]. The assump-

tion in mutation testing is that a syntactic change (a mutant) can help discover programs’

defects. Mutation testing, however, has not been applied deeply in HPC programs and on

performance defects.

Mutation Testing in Parallel and HPC Systems. Some attempts to build mutation

testing for cloud systems have been reported [109]. Mutation operators (i.e., syntactic changes)

have been proposed to reveal faults in small-size MPI programs [110]. With the increased

use of LLVM, researchers are exploring the support of mutation testing in LLVM [111].

Mutation Testing for Performance. To the best of our knowledge, the only work

that considers mutation testing for performance is [92]. However, this work does not consider

parallelism and mutations in numerical (floating-point) code—these two aspects are critical

to HPC applications. To the best of our knowledge, we are the first to explore using mutation

testing for performance in OpenMP scientific codes.

5.6.2 General Auto-tuning

There are many past works on auto-tuning techniques.

Classic Auto-tuning Frameworks. Typical examples include ATLAS [112], Active

Harmony [113], FFTW [114], POET [115], CHILL [116], GEIST [117], OpenTuner [118],

CLTune [119], Apollo [120, 121], and Dutta et al. [122, 123]. Their common theme is

that they tune compile-time, such as tiling, or runtime parameters, such as the number

of threads, presupposing a given source code representation of a program. Typical search

algorithms for tuning they propose include random, grid, or Bayesian search, or various

machine learning-based search models.
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By contrast, Muppet mutates the source code of the program, which exposes a large,

combined set of both source code modifications as compile-time parameters and their possible

configurations as runtime parameters to tune for. Furthermore, Muppet automates the

generation of tuned source code variants without user intervention and it is the first to

propose the delta debugging search algorithm for tuning. Integrating machine-learning

techniques for fast searching in Muppet is an interesting future extension.

Domain-Specific Tuning. A number of papers research domain-specific tuning using

code generation, alternate data layouts, or algorithmic parameters, such as [124–128] for

linear algebra kernels and [129–132] for stencils. Those approaches require users to express

the programs in specialized domain-specific languages amenable to tuning, which limits

their generality. Muppet tunes unaltered, user-provided, general OpenMP code to generate

tuning source code variants and optimizing runtime parameters.

5.6.3 Auto-tuning OpenMP

Specifically on OpenMP, several approaches have been proposed.

OpenMP Language Extensions. Adaptive OpenMP [133, 134] and Sreenivasan et

al. [135] propose OpenMP language extensions to support auto-tuning on OpenMP regions,

such as scheduling policies of parallel loops, number of threads or teams. Those approaches

require significant refactoring of the code and domain-specific knowledge from the programmer

to successfully integrate tuning extensions and their possible configuration parameters in their

OpenMP code. Instead, Muppet treats source code modifications as a tunable parameter

and independently explores the runtime configuration space.

Bayesian Optimization for OpenMP. Bliss [136] proposes probabilistic Bayesian

optimization to tune hardware (core frequency, hyperthreading) and software execution

parameters (OpenMP threads, algorithmic alternatives) for the whole application, specified

by the user. Bliss does not modify the program’s source code and tunes all regions in unison;

by contrast, Muppet both enables source code modifications and specializes tuning to each

region, since mutations are region-specific.

LLVM IR-Level Tuning. Scalable Record-Replay [137] is a mechanism that extracts

the LLVM IR of OpenMP GPU target region kernels to tune for each kernel in parallel the
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GPU launch bounds as compile-time parameters, by modifying the IR to re-compile, and

the number of threads/teams as runtime parameters. Performing the kind of mutations in

Muppet on LLVM IR is challenging compared to source code, which motivates our choice

of a source code mutation tool. Nevertheless, the idea of extracting OpenMP regions and

tuning them independently is a possible extension to Muppet to speed up search time.

5.7 Conclusion

We presented Muppet, a novel application of mutation testing aimed at improving the

performance of OpenMP programs. Muppet uses different search algorithms to apply

and compose program mutations to reduce application execution time. Because program

transformations are performed at the source level, Muppet’s mutations are transferable

across different OpenMP implementations and compilers. We demonstrate that Muppet

is capable of identifying mutations that improve performance in 75.9% of the evaluated

programs achieving a maximum speedup of 3.57x.

In the future, we plan to extend Muppet to automatically update OpenMP code bases

with the latest OpenMP features that improve performance while maintaining correctness.

Currently, it is the responsibility of the code maintainer to manually update their code base

to use newly available OpenMP features, which require significant manual effort.
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Chapter 6

Conclusion and Future Work

6.1 Summary of Contributions

This dissertation has presented four complementary approaches to facilitate debugging and

optimization of scientific applications through program analysis and testing techniques.

Chapter 2 presented Ciel, the first tool that automatically isolates numerical inconsisten-

cies in heterogeneous programs at the expression level. Ciel employs a hierarchical search

approach that operates on simplified ASTs to provide finer granularity than prior line-level

approaches, coupled with a precision enhancement strategy that addresses challenges specific

to transforming heterogeneous code to higher precision. Evaluation demonstrated 99.4%

precision in isolating inconsistencies across 330 synthetic GPU programs, NAS and Rodinia

benchmarks, and the real-world CLOUDSC mini-app, while achieving 24.5% fewer searches

compared to pLiner, the state of the art for CPU programs.

Chapter 3 presented CIGEN, a tool that finds input ranges that cause high compiler-

induced inconsistencies in numerical programs. CIGEN combines a multi-phase approach

with input-partitioned sampling, clustering, and differential evolution, and provides a platform

and compiler independent implementation that works as a black-box tool. Evaluation on 175

GNU Scientific Library functions found 53.4% more functions with high inconsistencies than

the state of the art, and revealed important characteristics of inconsistency-inducing input

ranges.
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Chapter 4 presented FloatGuard, the first tool to detect floating-point exceptions in

HIP programs running on AMD GPUs. FloatGuard utilizes AMD GPU hardware registers

for exception detection and combines assembly-level and source-level code instrumentation

with debugger-guided execution. The tool detected floating-point exceptions in 89.7% of

evaluated programs (507 out of 565) and provided a comprehensive comparison between

AMD HIP and NVIDIA CUDA exception behavior.

Together, these three tools provide a comprehensive workflow for debugging floating-point

correctness: CIGEN helps discover which inputs trigger inconsistencies, Ciel localizes

the root cause in the source code, and FloatGuard validates correctness at runtime by

detecting floating-point exceptions.

Chapter 5 presented Muppet, a mutation testing framework for optimizing OpenMP

parallelism while maintaining correctness. Muppet applies five classes of source mutations

to OpenMP directives and integrates with delta debugging, Bayesian optimization, and

decision tree optimization to suggest performance improvements. The framework achieved

performance improvements in 75.9% of evaluated programs, with the best speedup of 3.57x,

while maintaining a source-level approach that is portable across compilers.

6.1.1 Broader Impact

The tools and techniques presented in this dissertation address fundamental challenges in

scientific computing that affect researchers across many domains:

Numerical Reliability. As scientific applications are ported to new architectures and

compiled with different toolchains, the tools in this dissertation help ensure that numerical

results remain consistent and reliable. This is particularly important for reproducibility in

scientific research.

Cross-Platform Computing. With the increasing diversity of HPC architectures,

including the adoption of AMD GPUs in exascale systems like Frontier and El Capitan,

tools like FloatGuard enable developers to validate numerical correctness across different

platforms.
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Developer Productivity. By automating the isolation of numerical issues (from

weeks of manual effort to minutes) and suggesting performance optimizations, these tools

significantly improve developer productivity in scientific computing.

Performance and Correctness Balance. The dissertation demonstrates that ag-

gressive compiler optimizations can improve performance but may introduce numerical

inconsistencies. The tools help developers understand and manage this tradeoff.

6.2 Future Research Directions

Several promising directions for future research emerge from this work:

Extended Platform Support. Extending Ciel to additional programming models such

as HIP and SYCL and extending Muppet to support other parallel programming models

such as MPI and OpenMP target offloading would broaden their applicability. Furthermore,

extending Ciel to support isolation of cross-GPU-vendor inconsistencies would be valuable

for developers porting applications to new architectures.

Gray- or white-box Approaches. Integrating more information about the program

structure to guide existing algorithms, and using methodologies that operate on program

source such as symbolic execution and shadow value could further improve the efficiency of

the search process in Ciel and CIGEN.

Machine Learning Approaches. Machine learning techniques could further enhance

tools in this dissertation. For example, graph neural networks could analyze code structure

to predict where inconsistencies are likely in Ciel, improving search efficiency beyond AST-

based approaches. Reinforcement learning could optimize the mutation search strategy in

Muppet, adapting over time to discover more effective optimizations.

Integration and Extension of Tools. A unified framework that combines input

generation, fault isolation, and exception detection could provide a comprehensive solution

framework for implementation-specific numerical debugging. Beyond integration, moving

toward automated repair of numerical issues by suggesting and automatically applying code

transformations that eliminate inconsistencies would further enhance developer productivity.
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6.3 Concluding Remarks

Reliable scientific software is fundamental to advancing research across all domains that

depend on computational methods. This dissertation has contributed new tools and techniques

that help developers build more reliable and efficient scientific applications. As computing

systems continue to evolve in complexity, the need for automated tools to ensure numerical

correctness and optimize performance will only increase. The approaches presented here

provide a foundation for addressing these challenges in current and future HPC systems.
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