
Understanding Understanding: How Do We Reason About Computational
Logic?

by

Hammad Ahmad

A dissertation submitted in partial fulfillment
of the requirements for the degree of

Doctor of Philosophy
(Computer Science and Engineering)

in the University of Michigan
2024

Doctoral Committee:

Professor Westley Weimer, Chair
Professor Stephanie Forrest, Arizona State University
Lecturer IV Amir Kamil
Assistant Professor Taraz Lee



Hammad Ahmad

hammada@umich.edu

ORCID iD: 0000-0002-0434-6194

© Hammad Ahmad 2024



ACKNOWLEDGEMENTS

My journey through graduate school has been a long and arduous one. There are many

people without whom I would not have been able to finish my Ph.D. This brief dedication

section will almost certainly fail to capture the true level of my appreciation for folks who

helped me get here, but let me try.

Thank you to my advisor, Westley Weimer. Thank you for patiently guiding me these

past five years to be a successful researcher and an effective educator. Thank you for making

sure external factors do not get in the way of my completing this degree. Thank you for

supporting my desire to balance research and teaching. Thank you for providing me with

opportunities and resources to pursue my career goals. Thank you for your life advice on

things that were bothering me. Thank you for always being available (even during your

sabbatical!) to answer my questions or listen to me complain. Thank you for making sure

I am well-prepared to talk to my students about a variety of CS problems (and yes, that

includes NP-completeness). I know, I know... the check is in the mail. But seriously, thank

you for everything.

Thank you to my committee members: Stephanie Forrest, Amir Kamil, and Taraz Lee.

Thank you for your support and and advice on my research and career trajectories. Thank

you for providing me feedback to make sure my research endeavors succeeded. Thank you

for being patient with me as I navigated the graduation requirements, and for carving out

time during busy semesters for our meetings.

Thank you to Jean-Baptiste Jeannin. Your patience and advice as I was figuring out

graduate school helped make the transition easier, and for that I am really grateful. Thank

you for introducing me to a variety of research projects and helping me explore the research

area that most excites me.

Thank you to Sara Sprenkle. Thank you for all you have done to help me be who I am

today. I still remember feeling lost as an undergraduate. I still remember feeling the need

to major in Computer Science and X. You listened to my ramblings patiently, provided me

with career advice, introduced me to research, guided me through the process of graduate

school applications, and years later, served as a mentor again when I taught at W&L. Thank

you for everything.

ii



Thank you to my collaborators over the years for all you taught me during my time in

graduate school: Kevin Angstadt, Stephanie Forrest, Yu Huang, Amir Kamil, Kimberly Diaz,

Manos Kapritsos, Baris Kasikci, Taraz Lee, Karem Sakallah, and Zohreh Sharafi. Without

your expertise, none of this work would have been possible.

Thank you to my teaching mentors who have helped me grow as an educator: Dave
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ABSTRACT

Computers fundamentally do not reason like humans do, making it time-consuming and

expensive for programmers to �nd and �x mistakes in, or maintain, hardware and software.

Given that such maintenance activities can often comprise up to 90% of the total cost as-

sociated with hardware and software, interest in better preparing future programmers for

the computational logic reasoning required for computer science industry and academia has

grown. We argue that understanding how programmers reason about computational logic

can guide tool development and training activities for more e�cient logical reasoning. In

this thesis, we use non-intrusive, objective measures to present three research components

investigating cognition for computational logic reasoning tasks, with a focus on digital logic,

mathematical logic, and programming logic. We further illuminate, and advocate the inves-

tigation of, promising cognitive interventions to help programmers reason about computers.

First, we present a �rst-of-its-kind automated algorithm to repair defects in hardware

designs (i.e., digital logic) and a human study investigating its use as a debugging assistant

for programmers. We also produce a publicly-available benchmark suite of defects for the

evaluation of future automated repair techniques for hardware. We �nd that our approach,

CirFix, is able to successfully repair 16 out of 32 defects, representing a repair rate similar to

that of established software repair techniques. In our human study involving 41 participants,

we further �nd a preference among programmers for CirFix as a debugging aid for defects

spanning multiple lines, primarily in classroom contexts. Our study paves the path for

exploration of automated repair of hardware designs to reduce maintenance costs in industry

and help programmers in the classroom.

Second, we present a human study involving 34 participants tasked with �nding mistakes

in formal algorithmic proofs (i.e., mathematical logic). We use eye-tracking to investigate

the e�ects of various problem-solving strategies on formalism comprehension task outcomes.

Analyzing participant responses, we �nd that incoming preparation and programmer self-

perceptions are not accurate predictors of task outcomes, and that di�erences in outcomes

can be attributed to inductive and recursive logical reasoning. Analyzing eye-tracking data,

we �nd that more-prepared programmers employ di�erent visual strategies but achieve sim-

ilar outcomes to those of less-prepared programmers, and that programmers with more

xi



successful outcomes frequently go back and forth between presented material. Our results

advocate for pedagogical interventions in undergraduate computer science theory courses to

better prepare future programmers for formal reasoning in industry and academia.

Third, we present a human study probing causality between spatial reasoning and program

comprehension (i.e., programming logic) using transcranial magnetic stimulation (TMS), a

non-invasive neurostimulation technique. Analyzing responses collected from 16 participants,

we replicate a prior psychology study showing that TMS impacts spatial reasoning. More

importantly, and contrary to previously-established correlations, we �nd no evidence of a

simple causal relationship between activity in the primary motor cortex or the supplementary

motor area and programming outcomes. Further, we �nd that TMS can a�ect response time

for programming tasks. Ours is the �rst study to use TMS in a computer science context, and

our results advocate for further exploration of the technique to investigate neural activity

for programming.

This thesis shows that it is possible to use objective measures to obtain mathematical

models describing programmer behavior and cognition for computational logic reasoning

tasks, and these models can highlight prospective cognitive interventions for student training.
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CHAPTER 1

Introduction

The global IT industry harbors a market share totaling$5 trillion in 2024, with predicted

annual growth rates of 6{8% [1]. The average user spends a signi�cant portion of the day

using electronic devices that comprise hardware and software components [2, 3, 4]. As such, it

is critical for stakeholder companies to ensure correct functionality of their IT infrastructure.

Indeed, a service downtime of mere minutes can be catastrophic for companies, often resulting

in millions in lost revenue [5] and shrinking of consumer con�dence and trust [6].

To ensure that their IT services (including both hardware and software) function as

intended, companies often employ a multitude of engineers and software developers (collec-

tively referred to as programmers in this thesis) who command high wages in the modern

economy [7]. Such professionals end up spending most of their time onmaintenance activities

(e.g., applying �xes to hardware or software to rectify incorrect or unexpected behavior).

Reports have suggested that programmers often spend around 60%, and up to 90%, of their

paid hours on such activities [8, 9], making maintenance the most expensive stage of the

hardware and software development process. As an example, a 2020 report estimated the

cost of poor software quality in the US alone to be over$2 trillion [10].

Many discrepancies between expected and actual behavior from hardware and software

stem from an incorrect understanding of user requirements and human errors during the de-

sign process (see Section 2.1 for details on the requirements gathering and design processes).

However, even when e�orts are put in place to keep such programmer errors in check, one key

issue makes addressing the discrepancies a challenging and time-consuming task: computers

do not reason like human beings do [11, 12]. While there exist computational technologies

that mimic a human brain for reasoning (e.g., neural networks [13]), fundamentally, comput-

ers operate on bits (i.e., zeros and ones) at incredibly fast speeds | often up to billions of

operations in a given second. By contrast, human brains operate using signals transmitted

through a vast and complex array of neurons. This reasoning divide frequently results in

produced code that appears correct at the surface level, yet fails to produce the expected

behavior, eventually requiring expensive programmer maintenance e�orts [14, 15]. More
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formally, such bugs (also referred to asdefects) correspond to incorrect code that, during

runtime, produces a computed value di�erent from a theoretically correct value, often as a

result of 
awed human reasoning [16]. Finding and �xing bugs requires programmers torea-

son about the underlying logic(e.g., by tracing through program code, reading and writing

formal proofs of correctness, etc.; see Section 2.1), given an input and expected program

behavior or user requirements.

A common way to help humans understand how computers \think" is through training

and education, and this training predominantly takes place at the undergraduate education

level [17]. As such, reasoning about computational logic not only constitutes a fundamen-

tal pillar of software engineering activities [18, 19, 20], but also forms a core component of

undergraduate computer science curricula [21]. Indeed, most introductory computer science

courses are structured around cultivating critical thinking and problem solving abilities using

logical reasoning [22, 23]. Further, many companies have committed a signi�cant amount of

resources in retraining programmers for e�cient computational logic reasoning and program-

ming (e.g., [24]). However, achieving uniformly satisfactory outcomes for computational logic

reasoning training is di�cult, given the varying levels of incoming preparation programmers

possess [25, 26].

Given its importance to the �eld of computer science (both education and industrial

practice), we are interested in investigating how programmers reason about computational

logic. A foundational understanding of the cognition behind logical reasoning can help shed

light on ways to help programmers reason about logic more e�ectively.1 Note that while

there exist several interpretations of logic (e.g., the study of correct reasoning or deduction

in Philosophy [27]), in this thesis, we consider three facets of logic related to computation:

digital logic [28] (e.g., hardware designs),mathematical logic [29] (e.g., proving properties

about algorithms), andprogramming logic[30] (e.g., coding, manipulating data structures).

In the realm of psychology and cognitive science,cognition refers to the mental processes

involved in acquiring knowledge [31] and comprises several processes, including attention,

language, learning, memory, perception, and reasoning [32]. Over the years, researchers have

investigated cognitive processes in a variety of contexts, including automobile driving [33],

education [34], language [35], marketing [36], medical decision-making [37], o�ce work [38],

and team-based sports [39], working memory [40], among others. Such studies have furthered

our understanding of how the human brain addresses di�erent tasks, and what factors are

associated with task success.
1We restrict the scope of this dissertation to obtaining a better understanding of the cognition behind

logical reasoning, rather than investigating suggested pedagogical interventions. We advocate for such in-
vestigations as future work.
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Within a computer science context, several studies investigating cognition for program-

ming have helped researchers and educators better understand how we program [41, 42, 43,

44, 45, 46]. Many cognition studies of programmers have also shown the potential to inform

pedagogy and guide tool development and retraining (see Floydet al. [43, Sec. II-D] for a

summary). This potential has been recently realized by several studies demonstrating that

cognitive interventions (or changes in behavioral activity based on cognitive processes) can

improve programming outcomes in introductory computing [47, 48, 49, 50, 51], encouraging

additional work on understanding the cognitive basis of programming.

Given the potential impact of cognitive interventions on e�ective and e�cient reasoning,

this thesis probes a better understanding of programmer behavior and associated cognitive

processes underlying logical reasoning in computer science (i.e.,how programmers understand

computational logic).

1.1 Approach

To obtain a deeper understanding of logical cognition, we desire a solution that satis�es the

follow criteria:

ˆ Non-intrusive Methodology. While medical imaging approaches likeFunctional

Near-Infrared Spectroscopy (fNIRS) and Functional Magnetic Resonance Imaging

(fMRI) have been successfully used to investigate user cognition in Computer Sci-

ence [41, 42, 43, 44, 45, 46], such approaches often carry ecological validity concerns

(e.g., a programmer inside an fMRI machine or connected to fNIRS equipment is per-

forming computer science tasks in a non-traditional environment, study stimuli may be

limited to a 30 second duration, etc.) [45, Sec. VI]. We propose a solution that allows

for user cognition to be investigated non-intrusively (i.e., in a more natural setting)

with minimal interference to user attention.

ˆ Objective Measures. Research from both psychology and computer science has cast

doubt on the trustworthiness of subjective measures [52, 53] (e.g., self-reporting). As

such, we primarily favor objective measures to understand cognition for computational

logic in a generalizable way.

ˆ Context-speci�c Models. We desire an understanding of a variety of comprehension

tasks for computational logic. Recent research has shown that user cognition varies for

di�erent computer science activities (e.g., di�erent regions of the brain are correlated

with code comprehension [43, 54] and code writing [46]). Instead of producing one
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overly-generalized model for all logical cognition, we propose to investigate context- or

task-speci�c models associated with computational logic.

ˆ Incoming Preparation. Software engineers entering a workforce often have di�erent

levels of incoming preparation or expertise [25], and this disparity in preparation is

also re
ected in students at the undergraduate level [26]. Since we aim to illuminate

promising pedagogical interventions for follow-on investigation, we desire a solution

that accounts for incoming preparation in the produced mathematical model (i.e.,

applies to students regardless of their levels of incoming preparation).

Previous research investigating user cognition for computer science activities does not

satisfy one or more of the aforementioned desired properties. For instance, several studies

investigating the cognitive processes behind programming have administered study stimuli

inside a narrow and loud fMRI machine or with an array of external fNIRS connections

attached to the participants [41, 42, 43, 44, 45, 46], calling into question the ecological

validity of such experiments. By contrast, we desire an approach that allows the participants

to complete the study tasks in a more traditional environment. Other studies investigating

the psychology of programming (e.g., user behavior while programming [55, 56]) in more

ecologically-valid settings often rely on self-reporting data or subjective measures that may

not be adequately trustworthy [57]. Critically, many studies on user cognition for computer

science tasks also do not elucidate how factors such as incoming preparation or expertise,

among others, a�ect decision making in such programming tasks [58, 59, 60]. Since we aim to

probe pedagogy based on student cognition, we desire an approach that explicitly accounts

for incoming preparation in our models, and as such, can be applied to a wider variety of

student groups.

We combine several insights to present a systematic study of programmer behavior and

cognition for several tasks involving computational logic.First , we can implement objective,

non-intrusive measures in a computer science context to establish correlations between vari-

ables. In particular, for this thesis, we hypothesize that with the emergence of technologies

like high-precisioneye-tracking, coupled with novel state-of-the-artbug-�nding algorithms,

it is possible to study user cognition for computation logic in a more ecologically-valid set-

ting. Second, we can use medical devices in a computer science context to investigate

causal relationships. In this thesis, we adapt the scienti�c approach and methodology be-

hind transcranial magnetic stimulation from psychology and medicinal research, and apply

it in a programming context for the �rst time to probe neural causality. Finally , we can use

more advanced statistical rigor in computer science to account for student background and

context. For this thesis, we hypothesize that usingmulti-level regression modelscan help
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us draw nuanced conclusions, and thataccounting for incoming preparation or expertiseas

an explicit independent variable in our produced models can allow suggested pedagogical

interventions to be applied to more students with di�erent levels of preparation.

Combining these insights allows us to present the following three research components

investigating cognition for computational logic:

(1) Does pointing programmers to the potential source of defects in a hard-

ware design help their debugging e�cacy? In the �rst research component, we develop

the �rst automated program repair (APR) algorithm for hardware designs (i.e., digital logic)

and investigate its use as a debugging aid for novice and expert programmers. Our study

participants are shown defective hardware designs with partial and full debugging hints (see

Section 3.3.3), and we compare their debugging e�cacy against a baseline of no debugging

information. We demonstrate the utility of the implementation of the algorithm as a de-

bugging assistant using statistical tests on behavioral data collected from our participants.

We hypothesize that our algorithm can be useful in a classroom context to help improve the

debugging e�cacy of programmers.

(2) How exactly do programmers locate incorrect parts of an algorithmic

proof? In the second research component, we use eye-tracking to gather insights into

student problem-solving strategies for proof orformalism comprehension tasks (i.e., mathe-

matical logic). We further investigate any di�erences in strategies (e.g., visual attention on

di�erent parts of the proof) used by students with di�erent incoming preparation for formal

methods. Our participants are shown a series of algorithmic proofs and asked to identify any

mistakes in the proofs. We use statistical tests on the eye-tracking, behavioral, and outcome

data to understand and compare the strategies employed by students with di�erent levels of

incoming preparation. We hypothesize that understanding the strategies used by di�erent

students and their outcome success rates can help elucidate how educators can better prepare

students for formal reasoning about algorithms.

(3) If we temporarily excite or inhibit the brain regions associated with ma-

nipulating 3D objects, does it impact programmers' ability to reason about

code? In the �nal research component, we investigate the relationship betweenspatial

reasoning (i.e., the ability, with well-studied cognitive processes, to mentally visualize and

manipulate 3-dimensional structures) and program comprehension tasks (i.e., programming

logic) using transcranial magnetic stimulation (TMS). Previous studies have found neu-

roscienti�c correlations between spatial visualization and various program comprehension

tasks [45, 47], but a causal relationship between the two cognitive processes is yet to be

established. We use TMS to stimulate two brain regions associated with spatial reason-

ing tasks and one control region before presenting participants with program comprehension
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tasks. We use statistical tests on the collected behavioral data to determine the presence of a

casual link between brain activity for spatial reasoning and that for program comprehension.

We hypothesize that such a causal link at the neurological level could spur changes in in-

troductory programming education (e.g., including spatial visualization training) to improve

student outcomes.

The overarching thesis statement for this work is:

It is possible to use objective measures to obtain mathematical models describing

programmer behavior and cognition for computational logic reasoning tasks (with

a focus on digital logic, mathematical logic, and programming logic), and these

models can highlight prospective cognitive interventions for student training.

This thesis includes, to the best of our knowledge, the �rst automated program repair

algorithm aimed at diagnosing and repairing hardware design defects. We also present

the �rst TMS study of programming, demonstrating the applicability of the technique to

computer science research. To support open and reproducible science, we have made publicly

available the source code and datasets (including our statistical analysis scripts) for results

associated with all three research components.

1.2 Summary and Organization

The main contributions of this thesis include:

ˆ An automated program repair algorithm for hardware designs (i.e., digital logic) and a

mathematical model of the e�ects of its use as a debugging assistant for programmers;

ˆ A mathematical model of the cognitive processes for formalism comprehension (i.e.,

mathematical logic) tasks using eye-tracking;

ˆ A mathematical model for the neural connection between program comprehension (i.e.,

programming logic) and spatial reasoning using transcranial magnetic stimulation.

The remainder of this thesis is structured as follows. In Chapter 2, we outline key concepts

and techniques used in this thesis for a general computer science audience. In Chapter 3,

we present a study developing an automated program repair algorithm for hardware de-

signs (i.e., digital logic) and a mathematical model of the e�ects of its use as a debugging

assistant for programmers. In Chapter 4, we present a study developing a mathematical

model of the cognitive processes for formalism comprehension (i.e., mathematical logic) us-

ing eye-tracking. In Chapter 5, we present a study developing a mathematical model for the
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connection between program comprehension (i.e., programming logic) and spatial reasoning

using transcranial magnetic stimulation. In Chapter 6, we summarize the work in this thesis

and discuss future research directions.
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CHAPTER 2

Background

Prior to investigating cognition for computational logic reasoning, we �rst introduce key

concepts and techniques for a computer science audience. First, we motivate and introduce

the notion of automatically repairing software in Section 2.1. Second, we introduce the

notion of hardware designs and contrast such designs to traditional software programs in

Section 2.2. Next, in Section 2.3, we provide background, methods, and metrics associated

with eye-tracking. Finally, we explain the approach behind transcranial magnetic stimulation

in Section 2.4. More speci�c related works for each research component in this thesis, along

with discussions on novelty, are included in the associated chapters.

2.1 Automated Program Repair for Software

Software programs are all around us: many everyday hardware devices require a software

counterpart to function. The construction of software can often by modelled as a process

known as thesoftware development life cycle. The traditional software life cycle includes the

following stages [61]:

ˆ Planning. During planning, the software development team analyzes costs, schedules,

and resources while gathering stakeholder (i.e., consumer, user, etc.) requirements to

create a software requirement speci�cation document.

ˆ Designing. During the design phase, programmers analyze requirements, select opti-

mal algorithms and solutions, choose technologies and tools, and plan integration into

the existing IT infrastructure.

ˆ Implementing. During the implementation phase, the development team translates

the requirements into code, breaking each requirement down into smaller coding tasks

that eventually progress towards the �nal product.
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ˆ Testing and validation. During this phase, the development team uses both auto-

mated and manual checks to ensure software quality and compliance with customer

requirements. The code is often evaluated as it is developed, resulting in an overlap

between the implementing and testing phases. Programmers often develop extensive

test suites (i.e., a series of inputs to the software with known expected outputs to

check functionality) that can be automatically run to test a program. Additionally,

programmers may manually engage informal or mathematical reasoningto ensure that

the implemented code matches the requirements speci�cation.

ˆ Deploying. The deployment phase involves making the newly-implemented and tested

code available to the customer for use.

ˆ Maintaining. During maintenance, the team handlesbug �xes (often via debugging

activities), customer issues, and software changes. This stage also involves monitoring

system performance, security, and user experience for continuous improvement. Bug

�xes primarily refer to changes made to software by the development team to �x

incorrect behavior.

The software industry is a major driving force behind the$5 trillion worldwide IT mar-

ket [1], and software maintenance is the most time-consuming (and hence, costly) stage in

the software life cycle, with around 60% and often up to 90% of the total cost of software

attributed to the maintenance stage [62, 63]. Further, �nding and �xing software bugs after

deployment is often estimated to be 100 times more expensive than �xing bugs during the

design and testing phase [64].

To lower the costs associated with software maintenance, signi�cant research e�ort has

been devoted to repairing bugs (or errors) automatically over the last decade [65, 66, 67].

Automated program repair (APR) usually takes as input source code with a deterministic

bug (i.e., a bug that can be replicated with a given sequence of steps) and a test suite with

at least one failing test that reveals the bug, and aims to automatically generate �xes to the

buggy code. Most APR techniques operate on a tree representation of the source code of a

program known as anabstract syntax tree(AST) [68].

Such test suite based repair, where test cases are used to guide the search for a patch,

can be further divided into generate-and-validate and semantics-driven approaches:

ˆ Generate-and-validate techniques produce candidate patches for the buggy code and

evaluate them against the test suite to check if all tests pass [69, 70, 71, 72]. Figure 2.1

shows an overview of generate-and-validate APR techniques. Within the APR loop

(gray box in Figure 2.1), fault localization is responsible for automatically implicating
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Figure 2.1: Overview of the generate-and-validate APR technique

lines of code likely responsible for the bug,patch corresponds to automatically applying

an edit to the original program to repair the bug, andvalidation involves re-running

test suites to assess program behavior.

ˆ Semantics-driven approaches �rst extract constraints on a program based on test suite

execution and then use these constraints to synthesize a patch [73, 74, 75, 76].

In this thesis, we focus on applying generate-and-validate software APR techniques to

hardware designs, targeting the testing and maintenance phases of the design process.

2.2 Hardware Designs

As our reliance on electronic devices for everyday tasks increases, so does the number of

computer chips around us. From microwaves and refrigerators in the kitchen to personal

computing devices in the o�ce to cars on the road, virtually every electronic item we use

contains a tiny wafer of semiconducting material with an embedded electronic circuit [77],

known as achip. These silicon chips are typically manufactured in highly-controlled fabrica-

tion plants through a precise circuit etching process that transformsdigital hardware designs

into manufactured hardware.

In modern engineering, the hardware design process typically includes producing such

digital speci�cations (often usinghardware description languages, or HDLs) for circuits that

enable programmers to simulate and verify functionality of devices before the manufacturing

process [78]. This design process is critical to get right, since errors are very di�cult to
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correct once hardware is manufactured and shipped to consumers (e.g., [79, 80]). As such,

there has been a signi�cant amount of interest in ensuring defects in designs are caught and

recti�ed before the fabrication process (see Section 3.6).

2.2.1 Properties of Hardware Designs

Hardware or HDL designs di�er from software programs in two key ways. First, while

software written in conventional languages such as C [81] and Java [82] is generally based

around a serial execution model (where one line of code executes before the next, etc.),

hardware designs are inherentlyparallel and often include non-sequential statements (e.g.,

since separate portions of hardware can operate simultaneously). Second, while software

programs usually use test suites to evaluate functional correctness (see Section 2.1), where

individual test cases(or units of tests) may pass or fail depending on the quality of the

software, HDL designs usetestbenches[78] | which are programs with documented and

repeatable sets of stimuli | to simulate behaviors of a device (or design) under test.

Consider the design for a faulty 4-bit counter with an over
ow bit, implemented in Verilog

shown in Figure 2.2. The design can keep track of an integer count using four bits, spanning

a decimal value from 0 through 15. Once the count goes past 15 (4'b1111 in binary), the

counter should over
ow and reset to 0 (4'0000 in binary). The main block of the source

code is shown in Figure 2.2a, with the corresponding testbench in Figure 2.2b. The circuit

design uses variablesenable and reset | representing wires in the circuit design | to

increment (lines 35{37) and reset (lines 30{33) the counter respectively. Incrementing the

counter when it has a binary value of4'b1111 results in the over
ow bit being set to true

(lines 39{41). This implementation incorrectly manages the over
ow bit: the if-statement

at line 30 is missing an assignment that would resetoverflow out . Such defects can have

serious consequences | integer over
ow errors can be leveraged into signi�cant security

exploits (e.g., [83]).

The main block of the circuit design code shows analways block (line 27, Figure 2.2a)

that executes repeatedly until the simulation stops. The execution of such blocks can only

be triggered by changes to wires in thesensitivity list that follows the always keyword.

Nearly every digital circuit design includes aclock signal(line 50, Figure 2.2b) that oscillates

between a high and a low state (denoted by eventsposedge and negedge respectively);

circuits rely on clock signals to know when and how to execute their programmed actions. A

clock cycleis the period of time it takes for the clock signal to oscillate from high to low and

back to a high state. For the 4-bit counter in Figure 2.2a, the wireclk (denoting the clock

signal) is the only wire in the always block's sensitivity list (see line 27), and lines 28{42
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(a) Main block of the 4-bit counter with an over
ow error

(b) Main testing logic from the 4-bit counter testbench

Figure 2.2: A 4-bit counter with an over
ow error in Verilog
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are executed every time that wire reaches a high state. Note that there also exists a notion

of asynchronous designs where the state of the system can change in response to changing

inputs. However, given the increased complexity associated with asynchronous designs, most

hardware designs tend to be synchronous in nature [84].

A key property of HDL designs not immediately apparent in Figure 2.2a is that parts of

the design code typically execute in parallel. When a design is realized into actual hardware,

individual components run all the time. Indeed, every statement in a Verilog design not

inside an explicit sequential block of code exhibits concurrency. For instance, for the 4-bit

counter in Figure 2.2a, an implementation managing the over
ow bit correctly would include

two assignments tocounter out and overflow out (on lines 31 and 32 respectively) that

logically happen at the same time whenreset is true.

In this thesis, we exploit the traditional hardware design process and bridge the gap

between software and hardware to introduce a new automated repair algorithm that works

with parallel hardware designs. Our approach, outlined in detail in Chapter 3, can help

designers catch and �x expensive mistakes before the design is manufactured into physical

hardware and distributed to consumers.

2.3 Eye-tracking

There exist several ways to understand user cognition for reasoning tasks. One way to ac-

quire such understanding in a controlled human study is to ask participants to self-report

their subjective thoughts and experiences. Such self-reports, however, are often not trust-

worthy [52, 53]. A more trustworthy approach to probing cognition involves observing

user behavior during task completion using objective measures (see Section 1.1). Unfortu-

nately, such observational studies conducted in unconventional environments or via external

equipment (e.g., wires, electrodes) connected to participants often raise ecological validity

threats [85]. By contrast, when users work on given tasks, their eye movements can serve as

an objective and non-interfering proxy for visual attention, and hence, cognition.

Eye-trackers are non-invasive, cost-e�ective, and easy-to-use devices that reliably mea-

sure visual attention and e�ort in variety of tasks [86], including human-computer interac-

tions [87], software engineering [88, 89, 90], driving automobiles [91], marketing [92], and

surgery [93].

Modern eye-tracking cameras measure and track a participant's eyes and use domain-

speci�c algorithms to report gaze datathat is then analyzed with respect to pre-de�nedareas

of interest (or AOIs, corresponding to boundaries drawn around a visual feature or element

to be investigated) in a stimulus. AOIs are typically manually de�ned by an experimenter
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Figure 2.3: Tobii Pro—eye-tracking setup with associated external processing unit

based on the nature of the study [94, 95].

2.3.1 How Eye-tracking Works

To collect gaze data, an eye-tracker uses high-de�nition cameras and an infrared light source

to measure corneal re
ection [96]. The infrared source casts a pattern of invisible infrared

light on the user's eyes. A signi�cant portion of the emitted light is re
ected back, and this

re
ection is captured by the high-de�nition cameras. On the software front, image processing

is applied to the captured camera data to determine the user's gaze point.

Screen-based eye-trackers are usually mounted at the top or bottom of a monitor, where

they blend in with the monitor frame and do not interfere with the task being performed (see

the bottom bezel of the monitor in Figure 2.3 for an indicative mounting location). Since

most research-grade eye-trackers sample data at a high frequency, researchers may choose to

use external processing units (center left on Figure 2.3) to o�oad the processing from the

main computer and avoid performance degradation for study tasks (e.g., mouse or keyboard

lag, applications freezing up, etc.).

For work in this thesis, we use the Tobii Pro—X3-120 with an external processing unit to

collect gaze data at a sample rate of 120Hz, and the Tobii Pro Lab [97] software to analyze
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collected data.

2.3.2 Eye-tracking Metrics and Key Terms

Two aspects of gaze data, based on ocular behavior, can clarifycognitive load (i.e., strain

on working memory while processing information or completing a task) and task di�culty.

A �xation is an eye gaze that lasts for approximately 200{300ms on a speci�c AOI and

results in the focus of visual attention on the AOI. The majority of information processing

for humans occurs during �xations [98, 96] and a small number of �xations usually su�ces

for a human to process a complex visual input [94, 99]. As such, �xation data is widely used

to measure cognitive load for di�erent tasks, with longer �xations and higher numbers of

�xations indicating higher cognitive load [90, 89]. Asaccadeis a rapid eye gaze movement

(40{50ms) that occurs between �xations on AOIs, and often does not correspond to cognitive

processing [99, 98]. Theregression rateis the ratio of backward or regressive saccades (e.g.,

leftward in left-to-right text reading) to the total number of saccades, and higher regression

rates often indicate increased di�culty in performing and completing a task [100]. Finally,

the attention switching metric depends on �xation counts and measures the total number

of switches between AOIs, and can approximate the dynamics of visual attention during a

task [90].

Modern eye-trackers can also report thepupil diameter of users. Pupil diameter has

been used in the context of eye-tracking to approximate the cognitive load for users working

on study tasks [101, 102, 103], with higher pupil diameters under controlled experimental

conditions (e.g., manipulating cognitive load through task di�culty) indicating increased

cognitive load [104].

In this thesis, we advocate for the use of eye-tracking to measure cognition for com-

putational logic reasoning tasks. In particular, in Chapter 4, we investigate cognition for

formalism (or proof) comprehension tasks (i.e., mathematical reasoning about algorithms)

via eye-tracking.

2.4 Transcranial Magnetic Stimulation

In recent years, the software engineering community has increasingly used medical neu-

roimaging (e.g., fMRI, fNIRS) to non-invasively measure brain activity and understand the

cognitive processes behind programming [41, 42, 43, 44, 45, 46]. Such studies have identi-

�ed cognitive processes correlated with various programming tasks. For example, many of

the neuroimaging studies in computer science have found connections between programming
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and reading [43] or spatial visualization [45, 105], two skills with well-understood cognitive

structures. Note, however, that medical imaging studies often only provide con�dence in

correlations between variables, not causative links.

Transcranial magnetic stimulation (TMS) is a safe and noninvasive technique that is

well-established for a variety of clinical and scienti�c use cases [106]. Clinically, TMS is used

as a treatment for major depressive disorder [107], smoking cessation [108], and obsessive-

compulsive disorder [109], among others. TMS is a well-studied research tool: during 2014{

2024, the National Library of Medicine has recorded over 1000 academic papers published

each year which investigate the use of TMS.

Compared to other methods, TMS is a time-e�cient way to investigate thecausative

link between neural activity and programming ability. Other medical approaches that a�ect

the brain in speci�c areas tend to be invasive, often requiring implanted electrodes, drug

treatments, or neurological surgeries. By contrast, non-medical approaches such as transfer

training or pedagogy are typically studied over a longer period of time (cf. [47]). Using TMS

also removes variance and potential confounds which may be present in a study extending

over a long period of time (e.g., changing physical or mental states of participants). By

disrupting brain activity using this neurostimulation technique and then measuring behav-

ioral outcomes (e.g., timing, accuracy, etc.) on programming tasks, we can observe a causal

relationship between spatial reasoning and programming ability, should one exist.

2.4.1 How TMS Works

Administering TMS involves the use of a stimulator (Figure 2.4a) sending periodic phases

(or pulses) of electric current through a coil (Figure 2.4b). This current induces highly

concentrated magnetic �elds around the coil. When the TMS coil is placed on a human

subject's head (see Figure 5.3 for an indicative example), the TMS pulses produce small

electric currents in the brain, temporarily altering neural activity in the targeted brain

region [110, 106]. Two trackers | one mounted below the coil and another mounted on the

participant via a headband | are tracked by the corresponding infrared camera (Figure 2.4c).

The software for TMS equipment allows a researcher to de�ne targets (i.e., brain regions) for

stimulation and provides real-time feedback on the placement and orientation of the coil for

accurate administration of TMS. In a research context, after stimulation (lasting 40 seconds

for our study; see Section 5.2.3), any equipment attached to the participant is removed and

the participant is asked to complete study tasks on a regular computer. Behavioral data

collected from the participant is later analyzed to infer causal relationships.

For work in this thesis, we use the MagVenture MagPro—X100 stimulator with an MCF-
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