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Abstract
Generative AI (GenAI), especially Large Language Models (LLMs),
is rapidly reshaping both programming workflows and computer
science education. Many programmers now incorporate GenAI
tools into their workflows, including for collaborative coding tasks
such as pair programming. While prior research has demonstrated
the benefits of traditional pair programming and begun to explore
GenAI-assisted coding, the role of LLM-based tools as collaborators
in pair programming remains underexamined. In this work, we
conducted a mixed-methods study with 39 undergraduate students
to examine how GenAI influences collaboration, learning, and per-
formance in pair programming. Specifically, students completed
six in-class assignments under three conditions: Traditional Pair
Programming (PP ), Pair Programming with GenAI (PAI ), and
Solo Programming with GenAI (SAI ). They used both LLM-based
inline completion tools (e.g., GitHub Copilot) and LLM-based con-
versational tools (e.g., ChatGPT). Our results show that students
in the PAI condition achieved the highest assignment scores,
whereas those in the SAI condition attained the lowest. Addi-
tionally, students’ attitudes toward LLMs’ programming capabilities
improved significantly after collaborating with LLM-based tools,
and preferences were largely shaped by the perceived usefulness
for completing assignments and learning programming skills, as
well as the quality of collaboration. Our qualitative findings further
reveal that while students appreciated LLM-based tools as valuable
pair programming partners, they also identified limitations (e.g.,
contextual constraints and possibly outdated knowledge bases), and
had different expectations compared to human teammates. Students
in our study primarily relied on LLM-based tools for syntax clarifi-
cation and conceptual guidance, while turning to human partners
for idea exchanges. Our study provides one of the first empirical
evaluations of GenAI as a pair programming collaborator through
a comparison of three conditions (PP , PAI , and SAI ). We
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also discuss the design implications and pedagogical considerations
for future GenAI-assisted pair programming approaches.
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1 Introduction
Recent advancements in Generative AI (GenAI) have ushered in
a transformative area in programming [6, 14, 23, 50], driven by
breakthroughs in Large Language Models (LLMs). LLM-based ap-
plications (e.g., ChatGPT [39], GitHub Copilot [17]) provide capa-
bilities such as code generating [25, 40, 44] and debugging assis-
tance [24, 44], delivered through forms like chatbots [11, 39] and
inline completions [17, 21]. LLM-based innovations with human-AI
collaboration potentials are reshaping programming workflows and
posing new challenges in computer science (CS) education [12, 41,
42], including traditional human-human collaborative approaches
such as pair programming.

Pair programming [5] has long been established as a power-
ful collaborative strategy in both CS education and industry prac-
tices [18, 19], recognized for its effectiveness in enhancing problem-
solving skills [59] and code quality [20]. Traditionally, pair program-
ming has relied on the dynamic interplay between two human col-
laborators, where one performs coding and implementations while
the other provides assistance like debugging and reviewing, each
fulfilling distinct roles that complement the other [18, 19]. How-
ever, the rapid advancement of GenAI introduces a new paradigm
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shift from an auxiliary tool to a collaborator, providing insights
comparable to those of a human partner in pair programming.

As such, understanding GenAI’s role in pair programming and its
impact on collaboration in education is key to assessing its effective-
ness as a learning and programming partner, which might further
shape its potential to enhance human interaction in CS education.
While prior research highlights the benefits of traditional pair pro-
gramming [20, 59] and explores GenAI-assisted coding [31, 60], the
prospect of treating LLM-based tools as collaborators rather than
mere aids remains largely unexamined [33]. The underexplored
potential of GenAI to fully engage in the collaborative dynamics of
pair programming underscores the need for classroom deployments
that assess GenAI’s ability to either complement or replace human
programmers. Furthermore, understanding how the integration
of GenAI into pair programming processes might influence stu-
dents’ attitudes towards GenAI is crucial as it can inform effective
collaboration strategies and enhance overall educational outcomes.

The following research questions (RQs) guide our work:
RQ1. In what ways do collaborations with LLM-based tools as pair
programming partners influence students’ attitudes towards GenAI
on programming?
RQ2. How does integrating LLM-based tools as collaborators in
pair programming affect student learning outcomes? and
RQ3. What differences emerge in students’ experiences and prefer-
ences when comparing pair programming with LLM-based tools
versus traditional human partners?

To answer these questions, we conducted a mixed-method study
from September to December 2024with 39 students in an undergrad-
uate CS course. Throughout the semester, participants completed
six in-class assignments under three pair programming conditions:
Traditional Pair Programming (PP ), where two human program-
mers collaborate without GenAI; Pair Programming with GenAI
(PAI ), in which two human programmers work alongside LLM-
based collaborators; and Solo Programming with GenAI (SAI ),
where a single programmer is paired with LLM-based collaborators.
We collected assignment scores and surveyed students’ attitudes to-
wards LLM-based tools in the context of pair programming (includ-
ing both structured survey questions and open-ended responses),
as well as students’ reflection reports on their collaborations with
LLM-based tools.

Our quantitative results show 1) students’ overall attitudes to-
wards LLM-based tools in programming improved significantly
after working with LLM-based tools as pair programming collabo-
rators over time, 2) students’ assignment score was highest in the
PAI and lowest in the SAI condition, and 3) both the collabo-
rative experience and the perceived usefulness influenced students’
preferences for the different pair programming conditions.

Our qualitative analysis further revealed that 1) in general, stu-
dents considered LLM-based tools as useful collaborators in pair
programming, though they noted certain limitations, such as con-
textual constraints and outdated knowledge bases, 2) students ex-
pressed varying expectations regarding the roles of human collabo-
rators versus LLM-based collaborators during pair programming,
where treating LLM-based collaborators more as complements for
syntax and concepts assistance while seeking idea exchange with
human collaborators, and 3) students demonstrated different pref-
erences for interaction modalities, with some favoring chatbots and

others preferring inline completions as their LLM-based collabora-
tors, creating diverse workflows when working with LLM-based
tools in pair programming.

In this work, we contribute: 1) One of the first empirical studies
on pair programming with LLM-based tools as collaborators in a
real-world classroom setting by comparing three pair programming
conditions, providing empirical evidence that LLM-based tools have
the potential to serve as active collaborators during pair program-
ming; 2) An in-depth analysis of human-AI-interaction dynamics
in pair programming contexts, revealing how GenAI influences
team interactions, learning outcomes, and coding performance as
a facilitator or a potential impediment; and 3) New insights and
design implications for future AI-assisted pair programming tools
and pedagogical strategies for integrating GenAI into CS education.

2 Related Work
2.1 GenAI in Computer Science Education
Since the public release of ChatGPT in 2022 [39], GenAI applica-
tions have evolved into experimental components of educational
technology [1, 29, 62]. GenAI demonstrated strong capabilities in
coding tasks [15, 28], prompting researchers to investigate its role
in CS education [12, 41, 42]. Recent studies have explored various
applications of LLM-based tools in computer science learning con-
texts, such as automated code explanations [34], enhanced debug-
ging support [24, 27, 44], and generating exercises to help students
practice [25, 40, 44, 46], as well as examining how students and
instructors perceive GenAI in educational contexts [26, 58, 63].

Despite the growing studies in researching the capabilities and
applications of GenAI in CS education, most existing research po-
sitions LLM-based tools as supplemental roles, such as acting as
teaching assistants [13, 31, 35] or learning companions [43, 54], and
source of learning materials [49, 60] in entry-level courses [37, 47,
48]. For example, Lyu et al. [31] explored the utilization of LLM-
based tools as teaching assistants in an entry programming course,
finding that access to LLM-based tools and human teaching assis-
tants simultaneously enhances students’ learning outcomes. Xue et
al. [60] conducted a controlled experiment on comparing ChatGPT
with traditional search engines as sources of learning materials in
the CS1 class environment and found that learning from ChatGPT
cannot guarantee enhanced performance immediately.

However, the idea of treating LLM-based tools as collaborators,
rather than mere assistants, remains underexamined, especially in
contexts beyond introductory courses. Investigating the collabora-
tive potential of GenAI is critical for refining how it is integrated
into CS education. By exploring scenarios where LLM-based tools
can actively partner with students, we may better understand how
GenAI could enhance deeper learning, improve skill development,
and reshape longstanding collaborative practices such as pair pro-
gramming. Our work seeks to address this gap by examining the
role of LLM-based tools as collaborators in an undergraduate class-
room environment.

2.2 Pair Programming
Pair programming is a collaborative software development ap-
proach where two programmers work together at a single worksta-
tion [5, 18, 19]. In a pair programming context, one person actively
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writes the code as the role of “driver”, while the other provides
suggestions with debugging and code reviewing as “navigator”.
The two programmers frequently switch roles to maintain engage-
ment and share responsibility. The usage of pair programming in
educational settings has increased significantly since the 1990s [5]
and demonstrated various benefits such as increased assignment
scores, code quality, confidence, and problem-solving skills [18, 19].
Beyond general advantages, specific pairing strategies significantly
shape learning outcomes [30]. Expert-novice pairings can facilitate
mentorship and knowledge transfer, though they risk the novice be-
coming passive if not managed carefully. Conversely, novice-novice
pairs may foster mutual learning and confidence but might require
additional guidance to develop effective programming practices.

While traditional pair programming underscores the dynamics
of collaborations between two human peers, the rise of GenAI has
also enabled human-AI collaboration, introducing a new dimen-
sion of pair programming [33]. Inline completion tools, such as
GitHub Copilot [17], allow human programmers to work alongside
LLM-based tools that can suggest code snippets, identify errors,
and provide real-time feedback. Recent studies have begun to ex-
plore interaction modes of human-AI pair programming [4, 57, 61]
and related performance outcomes [22, 25, 57] from case studies to
experimental studies. For example, Barke et al. [4] examined the
collaboration between human programmers and GitHub Copilot
for given tasks. Their studies have identified the two modes of
human-AI interactions in coding-getting minor code completions
as accelerations and seeking major support as explorations with-
out examining the performance outcomes. In educational contexts,
Kazemitabaar et al. [25] conducted a controlled experiment with
69 novice programmers (ages 10–17) using OpenAI Codex for 45
Python tasks. Their findings showed that AI-assisted learners com-
pleted tasks 15% faster and produced higher-quality code and that
AI code generators can reduce frustration to novices.

However, little work has explored the collaboration dynamics of
pair programming. Collaboration dynamics, a core component of
pair programming, refers to the interplay of communication, role
distribution, and decision-making processes between partners as
theywork together on programming tasks [51]. These dynamics can
impact both the immediate productivity and the long-term learn-
ing outcomes of involved members [19]. To address this gap, our
work explores LLM-based tools specifically in a pair programming
setting to investigate how GenAI influences collaboration, learning,
and performance, compared to traditional human-human collabo-
ration and GenAI-assisted programming. By situating the study in
an authentic classroom and examining various pair programming
conditions, we aim to enrich our understanding of how GenAI and
humans can function together most effectively, thus contributing
to human-AI interactions in pair programming at large.

3 Method
Upon approval from our Institutional Review Board (IRB), we con-
ducted a semester-long study with 39 students from September
(after the course add/drop period) to December 2024 (final exam
date). Below, we describe an overview of our participants, our study
procedures, and our quantitative and qualitative data analysis.

3.1 Participants
Our study took place in the Computer Science Department of a four-
year university in the United States, within an advanced course
primarily focused on teaching Web Development. The course syl-
labus covered HTML, CSS, JavaScript, and related frameworks such
as React. To participate, students were required to be 18 years or
older, proficient in English for both speaking and writing, and en-
rolled in an advanced-level undergraduate computer science course.

Of the 39 participants, the majority (38) were majoring in Com-
puter Science, with one in Data Science. One student was a sopho-
more, eight were juniors, and 30 were seniors. Most participants
had prior experience with at least one LLM-based tool, with 37 hav-
ing used ChatGPT and 12 having used GitHub Copilot, while two
students had never used any LLM-based tools before. On average,
participants had 4.26 years of programming experience. However,
prior exposure to pair programming was less common, with only 6
participants having previous experience, while 33 had never partic-
ipated in a pair programming setting before. A detailed breakdown
of participant demographics is available via OSF.

3.2 Study Procedure
Our study procedure includes an initial survey, three stages of
course with amidterm survey and a final survey. An overall timeline
is shown in Figure 1. Detailed survey questions and data analysis
code can also be found via OSF.

3.2.1 Initial Survey. The initial survey included three sections. Sec-
tion 1 was to understand students’ prior experience in general
programming and pair programming (e.g., the number of years of
programming experience they have had and prior experience in
pair programming sessions). Section 2 explored participants’ prior
experiences with and attitudes toward LLM-based tools. We first
asked, “Which of the following LLM-based tools have you used in the
past?”. For respondents who did not select “I have no experience us-
ing LLM-based tools”, we further asked about their perspectives and
usage patterns, such as “Please indicate to what extent you agree with
the following statements regarding LLM-based tools in programming.”
Section 3 asked about participants’ demographic information.

3.2.2 Course Structure. The course followed a flipped classroom
structure [2], where students were expected to study the provided
instructional materials before class and engage in interactive ac-
tivities during class time. In-class activities included programming
assignments and discussions with the instructor and classmates.
Specifically, there were six pair programming assignments, each
due by the end of the respective class session. On non-programming
assignment days, students participated in discussions. Additionally,
weekly reports were required only for the weeks that included a pair
programming assignment, where students documented their expe-
riences with the corresponding pair programming tasks after class.
The course was structured into three distinct stages temporally:

Stage 1, Weeks 1-5. The first stage of the course was designed
for students to become familiar with the course structure. Stu-
dents were required to form final collaborative project groups on
their own. During this stage, students completed three non-pair-
programming assignments (Assignments 1-3), with all expected to
be completed in the form of Individual Programming without GenAI

https://osf.io/6stpb/?view_only=ea2580afc1a043fe93fd8e275327e0d6
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Initial Survey
September December

Prior programming experience

Perceptions of LLM-based tools

Demographic information

Midterm Survey

Perceptions of LLM-based tools

Collaborations and usefulness

Preference of pair programming conditions

Start of pair programming conditions Final Exam

STAGE 1 STAGE 2 STAGE 3

2 Weekly ReportsFamiliarize with the course 3 Weekly Reports

IP
Individual Programming  
without GenAI PP

Pair Programming  
without GenAI SAI 

Solo Programming  
with GenAI PAI 

Pair Programming  
with GenAI

CONDITIONS

3 Assignments

IP IP IP

3 Assignments

Randomized 

Condition PP SAI PAI 

3 Assignments

Randomized 

Condition PP SAI PAI 

Figure 1: Overall structure of our study. Students completed three assignments in both Stage 2 and Stage 3, each under a different
pair programming condition in random order. The final exam reused all questions in the midterm survey.

(IP ) to familiarize themselves with the workflow of assignments.
Students were then guided through the activation of the GitHub
Student Developer Pack, with access to premium GitHub Copilot
features, such as unlimited inline code completions. In parallel, we
provided a custom web-based platform developed by the research
team, which allowed students to access OpenAI’s paid models, fea-
tures typically restricted to subscribed users. A tutorial lecture
was also offered to help students integrate these LLM-based tools
into their programming workflow. Students were strongly encour-
aged to use our web-based tool exclusively for all conversational
interactions with LLM-based tools throughout the course.

Stage 2, Weeks 6-9. During the second stage, students com-
pleted three assignments (Assignments 4–6) under three different
pair programming conditions: PP , PAI , and SAI . Each stu-
dent was randomly paired with one or two teammates from their
final project group. The three conditions were assigned in a ran-
domized order, with each student experiencing each condition once
across the three assignments. Starting from Stage 2, all assign-
ments were graded using predefined autograders, which evaluated
the correctness of the submitted code based on its running out-
put. At the end of Stage 2, weekly report 6 was distributed in a
midterm survey format to gather students’ perspectives on pair
programming and LLM-based tools. The survey included questions
from the initial survey, such as “Please indicate to what extent you
agree with the following statements regarding LLM-based tools in
programming”. Additionally, new questions were introduced to as-
sess students’ experiences collaborating with both LLM-based tools
and human teammates, (e.g., “Please indicate to what extent you
agree with the following statements about your collaboration with
LLM-based tools/your human pair programming teammate(s) in the
three assignments”. Additionally, students were asked to rank the
four programming conditions (PP , PAI , SAI , and IP ) from
most to least preferred and provide their perceptions of the useful-
ness of both pair programming and LLM-based tools in completing
assignments and improving their programming skills.

Stage 3, Weeks 10-15. In the third stage, students completed
three additional assignments (Assignments 7–9) while working
with the same human teammate(s) throughout. Similar to Stage 2,
students experienced each of the three pair programming condi-
tions (PP , PAI , and SAI ) once, with the order of conditions
randomized across the three assignments.

Final Exam. The final exam was conducted in person during
the last week of the semester and focused on gathering students’
opinions on pair programming and LLM-based tools. All questions
from the midterm survey were included in the final exam, allowing
for a direct comparison of responses.

3.3 Data Collection and Analysis
3.3.1 Quantitative Data Collection & Analysis. The quantitative
data collected includes scores of students’ programming assign-
ments and structured data from surveys with students’ attitudes
toward LLM-based tools, perceptions of pair programming condi-
tions, and future programming preferences. We analyzed quantita-
tive data with multiple statistical methods. In all statistical analyses,
we set the significance level at 𝑝 < 0.05.

For quantitative analysis, we first computed descriptive statistics
for all variables, reporting means and medians for continuous vari-
ables. To assess changes in students’ attitudes toward LLM-based
tools over time, we conducted a Friedman test (using R package
stats [52]) to examine differences in agreement levels across three
time points: Initial, Midterm, and Final.When significant differences
were detected, we performedWilcoxon signed-rank tests (using R
package stats [52]) for post-hoc pairwise comparisons, adjusting
p-values to account for multiple comparisons.

To examine students’ performance under different programming
conditions, we analyzed scores of six pair programming assign-
ments (Assignments 4 to 9). Given the non-normality of score
distributions, we employed a Kruskal-Wallis test (using R pack-
age stats [52]) to determine whether significant differences existed
among the instructional setups.When a significant effect was found,
we conducted post-hoc pairwise comparisons using Dunn’s test (us-
ing R package FSA [38]) to identify which groups differed.

To further investigate factors influencing students’ future pro-
gramming preferences, we applied Cumulative Link Mixed Models
(using R package ordinal [8]) to examine the impact of students’
perceptions of GenAI and pair programming on their likelihood of
choosing IP , SAI , PP , or PAI . The model included predic-
tors such as perceived usefulness and collaboration for both GenAI
and pair programming, as well as time as a factor.

3.3.2 Qualitative Data Collection & Analysis. The qualitative data
produced includes students’ weekly report assignments and open-
ended responses from surveys.
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We used the General Inductive Approach[56] for this analysis.
Initially, the first author conducted a close reading of the entire
dataset to identify recurring patterns and key ideas. Relevant text
segments were then systematically labeled to generate preliminary
categories, forming the basis for developing low-level codes that
captured the nuances of students’ perspectives. These low-level
codes were subsequently aggregated into high-level themes repre-
senting overarching concepts in the data, such as efficiency, skill
Levels, and workflow. Throughout the coding process, the research
team engaged in iterative discussions to refine and validate emerg-
ing themes. A codebook outlining the themes and codes is provided
via our OSF materials.

4 Quantitative Results
In this section, we first report students’ attitudes toward LLM-based
tools in programming and the trends of their attitudes change
over time. We then examine students’ performance differences in
assignments among three pair programming conditions, as well as
their preference for programming conditions in the future.

4.1 Students’ Attitudes towards LLM-based tools
on Programming

To evaluate how students’ attitudes toward LLM-based tools for
programming evolved over the semester, we measured students’
agreement with five statements at three different time points (initial,
midterm, and final), with the significant results of Friedman tests,
as shown in Figure 2.

For the statement related to Coding Routine (LLM-based tools
will become, or already are, part of my study/work/programming
routine), we see a steady and continuous increase in agreement
over time. Although the change from Initial to Midterm was not sta-
tistically significant (𝑝 = 0.06), the increase from Midterm to Final
reached significance (𝑝 < 0.05), indicating that as students collabo-
rated more with LLM-based tools, they increasingly accepted these
tools as an integral component of their programming workflows.

Similarly, the statements assessing LLM-based tools’ Program-
ming Ability (LLM-based tools are very good at programming) and
Answer Quality (LLM-based tools give me high-quality answers on
programming questions) showed a significant rise from the initial
stage to the midterm (𝑝 < 0.05 or lower), followed by stabilized
yet sustained increase by the final stage, indicating the potential
impact of early exposure on students’ evaluations of based tools’
capabilities and output quality in programming. In contrast, the
perception of LLM-based tools as beneficial for Skills Develop-
ment (LLM-based tools are helpful for me to develop programming
skills) remained relatively stable throughout the semester, with only
minor fluctuations observed, implying a relatively stable perception
of LLMs’ role in programming skill development over time. The
essence of Need Guidance (LLM-based tools will only help me to
develop programming skills if I use them under guidance (e.g., from
instructors) demonstrated a more dynamic trend. After an initial
decline before the midterm, there was a progressive increase in
agreement toward the end of the semester.

Overall, our findings reveal that students’ attitudes toward
LLM-based tools grew more positive over time in the context
of pair programming, both regarding their programming abilities

and the idea of incorporating them into regular coding routines.
Although early positive interactions with LLM-based tools
foster students’ confidence and promote routine use in pro-
gramming, the subsequent shift in the perceived need for guid-
ance, from an initial decline to a progressive rise, suggests
that structured external support might be crucial to programming
skills development.

4.2 Assignment Performance & Future
Adoption

4.2.1 Comparative Analysis of Scores. We computed the average
scores for each setup group across Assignments 4 to 9. The PAI
condition exhibited relatively stable performance, with scores rang-
ing from 41.33 to 60. In contrast, the PP condition showed greater
fluctuations, with scores varying between 31.11 and 66.75. Simi-
larly, the SAI condition demonstrated variability, with scores
spanning from 28.21 to 48.57. Through descriptive analysis of the
mean scores for each setup across assignments, we observe varia-
tions in score distributions among instructional setups. To further
examine these differences and minimize the risk of short-term fluc-
tuations caused by topic difficulty, external factors, or one-time
anomalies, we below analyze the full dataset rather than evaluating
assignments individually.

To assess whether significant differences exist between groups,
we conducted a Kruskal-Wallis test after confirming that score distri-
butions across setups deviate from normality. The results revealed
a significant effect, with 𝜒2 = 6.69 (𝑝 < 0.05), indicating that at
least one setup differs significantly from the others. Examining the
median scores, we observe that students in the PAI achieved the
highest median (𝑀 = 60), followed by PP (𝑀 = 47.14) and SAI
(𝑀 = 33.33), suggesting that instructional setup may influence
student performance.

To further investigate where these differences occur, we con-
ducted post hoc pairwise comparisons using Dunn’s test (see Fig-
ure 3). The results revealed a significant difference between the
PAI and SAI (𝑝 < 0.05) that suggests students in the PAI
condition consistently outperformed those in the SAI con-
dition, indicating the benefits of working with a human part-
ner and LLM-based tools simultaneously in completing edu-
cational programming tasks.

4.2.2 Exploring Factors Influencing Students’ Future Usage Deci-
sions. Table 1 presents the results of the Cumulative Link Mixed
Models, explaining respondents’ preference for different program-
ming conditions: IP , SAI , PP , PAI . The predictors include
perceptions of usefulness and collaboration regarding both pair
programming and LLM-based tools, as well as the effect of time.

For IP , the perception that pair programming improves pro-
gramming skills significantly reduces the likelihood of selecting
this condition (𝛽 = −0.970, 𝑝 < 0.01). Additionally, those who find
pair programming beneficial for collaboration are significantly less
likely to prefer working alone (𝛽 = −1.126, 𝑝 < 0.05). Meanwhile,
perceptions of LLM-based tools’ usefulness, collaboration, and time
spent programming do not significantly influence students’ choices.

For SAI , a key positive predictor is a favorable attitude toward
working with LLM-based tools, which significantly increases the
preference for this condition (𝛽 = 2.319, 𝑝 < 0.05). This suggests

https://osf.io/6stpb/?view_only=ea2580afc1a043fe93fd8e275327e0d6
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AGREE

A B

SOMEWHAT

AGREE

NEUTRAL

SOMEWHAT

DISAGREE

INITIAL MIDTERM FINAL

[Programming Ability] LLM-based tools are very good at programming.

Programming Ability

[Answer Quality] LLM-based tools give me high quality answers on 

programming questions.

Answer Quality

[Skills Development] LLM-based tools are helpful for me to develop 

programming skills.

Statistic

Programming Ability
Initial to Midterm 36

73.5
0.013*

1Midterm to Final

Answer Quality
Initial to Midterm 44

32
0.009**

1Midterm to Final

Coding Routine
Initial to Midterm 39

28
0.06

0.049*Midterm to Final

Adjusted p-value

Skills Development

[Need Guidance] LLM-based tools will only help me to develop 

programming skills if I use them under guidance (e.g., from instructors).

Need Guidance

[Coding Routine] LLM-based tools will become, or already are, 

part of my study or work or programming routine.

Coding Routine

Figure 2: (A) An overview of students’ average attitudes across five different opinion statements about programming with
LLM-based tools, tracking changes from the initial to the midterm and final stages; (B) Non-parametric pairwise comparison
test (Wilcoxon test): Differences in agreement levels across various opinion statements about programming with LLM-based
tools. Only statements with significant changes are included. (Significance level: * 𝑝 < 0.05, ** 𝑝 < 0.01).
Table 1: Cumulative Link Mixed Models explaining respondents’ preference in how they would like to continue programming
in the future (Significance level: * 𝑝 < 0.05, ** 𝑝 < 0.01, *** 𝑝 < 0.001).

Dependent Variable
SP SAI PP PAI
𝛽 (Std. Error) 𝛽 (Std. Error) 𝛽 (Std. Error) 𝛽 (Std. Error)

Time 0.929 (0.624) 0.968 (0.603) -0.810 (0.575) -0.787 (0.590)
Usefulness
Pair Programming Usefulness in Assignments 0.261 (0.300) -0.972 (0.396) 0.576 (0.316) 0.144 (0.301)
Pair Programming Usefulness for Programming Skills -0.970 (0.307)** -0.257 (0.299) 0.503 (0.293) 0.851 (0.333)*
GenAI Usefulness in Assignments -0.706 (0.332) 0.337 (0.443) 0.479 (0.389) -0.025 (0.390)
GenAI Usefulness for Programming Skills -0.179 (0.350) -0.715 (0.408) 0.180 (0.344) 0.441 (0.390)
Collaboration
GenAI Collaboration -0.806 (0.350) 2.319 (0.735)* -1.936 (0.610)** 0.719 (0.616)
Pair Programming Collaboration -1.126 (0.479)* -0.805 (0.518) 0.837 (0.430) 0.706 (0.442)
Const
Forth Choice | Third Choice -16.258 (3.131)*** -4.535 (2.720) 1.183 (2.063) 8.806 (2.757)**
Third Choice | Second Choice -15.345 (3.047)*** -1.855 (2.571) 4.754 (2.305) 11.833 (3.126)***
Second Choice | First Choice -12.695 (2.788)*** 0.824 (2.471) 8.090 (2.470)** 13.991 (3.419)***

that individuals who view LLM-based tools as a strong collaborative
tool are more inclined to choose GenAI-assisted solo programming.
However, for PP , a negative attitude toward LLM-based tools’ col-
laboration significantly increases the preference for traditional pair
programming (𝛽 = −1.936, 𝑝 < 0.01), indicating that respondents
who do not perceive LLM-based tools as effective collaborators may
favor traditional pair programming instead.

For PAI , the strongest predictor is the perception that pair
programming enhances programming skills, which significantly
increases the likelihood of preferring this condition (𝛽 = 0.851, 𝑝 <

0.05). However, perceptions related to LLM-based tools, including
their usefulness for assignments and programming skills, do not
show significant effects, indicating that the assistance of LLM-based
tools alone does not necessarily drive preference for this condition.

Takeaways: Overall, our quantitative results suggest that pairing
with both LLM-based tools and a human partner (PAI ) provided
the greatest benefit for student performance, outperforming both

traditional pair programming (PP ) and solo programming with
GenAI (SAI ). Students’ future preferences for pair programming
setups were strongly tied to their perceptions of collaboration and
tool effectiveness: those who did not view LLM-based tools as effec-
tive collaborators preferred traditional pair programming, whereas
a positive perception of GenAI’s usefulness increased the likelihood
of choosing SAI . Moreover, believing that pair programming it-
self enhances programming skills significantly raised the preference
for PAI .

5 Qualitative Findings
Our qualitative analysis of students’ weekly reports and final exams
offers additional insights into the similarities and differences among
three pair programming conditions. Below,we explore how students
navigated the evolving roles of LLM-based tools and human peers,
as well as the strategies they used for collaboration.
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Figure 3: Non-parametric pairwise comparison test (Dunn’s
test): Differences in assignment scores across different
groups. Students achieved the highest scores in PAI condi-
tions, followed by PP , while the lowest in SAI .

5.1 Team Dynamics: Navigating Collaboration
with Human and AI Partners

5.1.1 Balancing Skill Levels in Pair Programming. Students in our
study expressed different preferences for the skill levels of
human teammates, despite traditional educational settings of-
ten considering pairing students of similar skill levels as the most
effective collaboration in pair programming [7]. For example, stu-
dents found pairing two inexperienced students can sometimes
be counterproductive. Without external guidance, inexperienced
teams often found themselves stuck in problem-solving deadlocks.
As P23 reflected in such situations:
“In general, if I didn’t know how to do something, my teammate would
also not know how to do/code it, ... we would just end up having to
ask the professor and the TA.” (P23)
P23’s quote states that pairing inexperienced students together

may lead to increased confusion and anxiety. When both partners
lacked foundational knowledge, students’ progresswas significantly
hindered, often resulting in frustration and inefficiencies. Moreover,
the frequent need for external intervention disrupted the collabora-
tive experience, potentially diminishing students’ confidence and
autonomy in problem-solving.

Conversely, some students found that pairing individuals with
different skill levels, similar to industry practices, produced mixed
outcomes. In some cases, less experienced students benefited from
working with a more skilled partner as expected:
“He [human partner] was far more experienced ... and it really helped
me to be able to learn from him and work with him.” (P7)
P7’s experience highlighted the advantages of working with a

more experienced partner in pair programming. By observing a
skilled teammate’s approach to problem-solving and implemen-
tation, less experienced students could accelerate their learning
through hands-on exposure. However, the knowledge gap between
teammates does not always lead to positive outcomes, as P2 stated:
“My teammate’s computing skill is much better than [mine]. In this
case, there are gaps between us. Sometimes it is hard for me to catch
up.” (P2)

P2’s quote illustrates the challenges that can arise from a signifi-
cant skill gap between teammates in pair programming. When one
partner is considerably more experienced, the less skilled individual
may struggle to keep up, leading to confusion and limiting their
ability to effectively learn from the process. Meanwhile, disparities
can also make advanced students feel inefficient, as they may need
to slow down or take on a disproportionate share of the work:
“There were times when the knowledge discrepancy between me and
my partner felt like a lot. So much so that it felt like I was almost
doing an individual assignment. They definitely got better as the
semester went on and they learned. However, during those early
assignments I felt like pair programming was getting in my way
because all it was doing was interrupting my traditional problem
solving routine.” (P17)
P17’s statement highlights another drawback of a significant

skill gap in pair programming—while experienced students are not
necessarily opposed to working with less-skilled partners, they
can find the experience frustrating. As P20 also stated, “there was
also some stress caused by watching your partner work slowly.” For
more experienced students, the added responsibility of guiding
their teammates can feel burdensome, making the process less effi-
cient and even disruptive to their usual problem-solving approach.
Unlike in industry settings, where mentoring junior engineers is an
expected part of the workflow, the primary goal of pair program-
ming in an educational context is to complete assignments together.
As a result, more experienced students may perceive collaboration
as an obstacle in pair programming, which could increase cognitive
overhead and interrupt their workflow.

5.1.2 LLM as a Bridge: Mitigating Skill Gaps. The integration of
LLM-based tools into pair programming can benefit inexpe-
rienced students in navigating challenges more effectively.
P7, who had struggled when paired with another novice student,
emphasized:
“If you pair up two people that have never had any experience ... please
please please, let them have help from GenAI. When I was paired
with another person who had no prior experience, we did not have
help from GenAI and we really struggled when we ran into issues...
led to poor learning, high levels of stress, and bad grades.” (P7)
P7’s reflection underscores the value of incorporating LLM-based

tools into pair programming for inexperienced pairs. By providing
guidance on where and how to start, LLM-based tools can alleviate
stress and anxiety while preserving the teamwork dynamic. The in-
tervention of LLMs offers a structured approach to problem-solving,
helping novice students overcome obstacles more efficiently and
fostering a more positive and productive learning experience.

As for mixed-skill pairs, LLM-based tools facilitated more bal-
anced participation. Instead of the more experienced partner dom-
inating the entire process, integrating LLM-based tools into pair
programming enabled both students to remain actively engaged.
P33 described one such situation:
“My partner was the one to use the chat AI, I used GitHub Copilot.
The Copilot was helpful ... all I had to do was look it over and ensure
the functionality worked and run the tests.” (P33)
As the more experienced student in their pair, P33 was able to

focus on coding with the support of GenAI, allowing them to fully
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engage in the pair programming process. Meanwhile, P33’s less
experienced teammate could utilize conversational LLM-based tools
to grasp fundamental concepts and gain assistance in understanding
implementations. Such a dynamic enabled both partners to find
meaningful roles in their collaboration, ensuring that skill level
differences did not hinder participation but instead fostered a more
inclusive and productive learning experience in pair programming.

5.1.3 Distinct Expectations of Human & AI. As the collaboration
process progressed, students gradually developed distinct ex-
pectations for their human pair programming partners and
LLM-based tools. LLM-based tools were primarily perceived as
technical assistants, offering syntax-related support, debugging
assistance, and quick explanations of basic concepts. As P3 noted:
“Something I have discovered is that, when looking for syntactic
explanations, GenAI is super helpful.” (P3)
P9 also pointed out that LLM-based tools remained preferable for

simple tasks compared to seeking help from their human partner:
“Working in pairs helped, but there were still times where I wanted to
ask AI about things like syntax, since I am still not too familiar with
JavaScript.” (P9)
These reflections highlight students’ expectations of LLM-based

tools as sources of rapid assistance for programming syntax and
fundamental concepts. LLM-based tools allow students to receive
instant help, particularly when working with unfamiliar program-
ming languages or frameworks. Additionally, LLM-based tools en-
able beginners to ask vague or incomplete questions without need-
ing to meticulously structure their queries, unlike traditional search
engines, which require more precise phrasing for effective results.

Conversely, students relied on their human partners for idea
exchanges and collaborative problem-solving. As P33 noted:
“I was able to effectively communicate with my teammate, and we
were able to work through tough problems or differences ... by dis-
cussing the best approach.” (P33)
P33’s quote underscores a key advantage of pair programming,

meaning that students can actively exchange ideas and refine their
problem-solving strategies together. As P23 also mentioned, “it felt
nice to have a teammate to bounce ideas off of. I definitely felt more
efficient working with a teammate.” Similarly, P39 observed that “our
discussions led to us learning from each other’s coding techniques.”

These reflections suggest that while LLM-based tools provide
quick technical assistance, human interactions foster deeper en-
gagement, richer learning experiences, and mutual skill develop-
ment. Discussions with a human partner encourage critical think-
ing, creativity, and the exploration of multiple problem-solving
approaches—elements that are crucial for developing a strong pro-
gramming foundation beyond mere syntax and debugging support.

5.2 Integrating GenAI into Pair Programming:
Preferences, Adaptive Strategies, and
Limitations

5.2.1 Varied Preferences: Inline Completion v.s. Conversational Tools.
Students expressed varied preferences regarding inline com-
pletions and conversational LLM-based tools in their pair

programming process. For example, P18 praised inline comple-
tions as “in-line suggestions are honestly some of the best things I’ve
ever used”. In contrast, P8 described a scenario where neither Copi-
lot’s inline suggestions nor its chat feature resolved an issue, until
they switched to ChatGPT, which quickly identified it:
“I had an issue that I spent almost an hour trying to fix, and neither
Copilot [in-line suggestions] nor the chat feature [in Copilot] knew
how to help. Eventually, I put it in ChatGPT and easily identified a
space missing.” (P8)
By semester’s end, P8 noted, “I tried to avoid accepting large

Copilot suggestions, because sometimes they would be incorrect and
confusing.” These insights indicate that while inline completions
from LLM-based tools provide immediate, context-sensitive sug-
gestions, conversational LLM-based tools with larger contexts can
deliver more detailed and precise responses for complex queries.

5.2.2 Shifting from Single to Multiple Screens: Adapting to AI Inte-
gration. The existence of LLM-based tools as separate appli-
cations from code editors decreased students’ collaborative
efficiency in pair programming, while students adapted inno-
vative strategies, such as working onmultiple screens, to mit-
igate. Although incorporating GenAI into pair programming has
clear benefits, with students in PAI conditions achieving higher
median assignment scores compared to PP conditions in subsec-
tion 4.2, several participants noted that integrating LLM-based tools
can sometimes disrupt existing collaborations, such as the need to
shift focus from coding to interacting with an LLM-based tool in a
separate window demands extra attention. P19 explained:
“For the pair-programming part, I felt it’s harder to cooperate on cod-
ing while using AI, since there will be a more individual conversation
with AI that needs instantaneous reaction.” (P19)
P19’s comment indicates that the current text-focused commu-

nication method with LLM-based tools diverts students’ attention
from coding, where verbal exchanges of ideas in traditional pair
programming between teammates allow for simultaneous coding
and discussion. Similarly, another student noted:
‘The only real issue with GenAI tools was the use of it was on a
separate window than my code editor it takes extra time to use.”
(P33)
P33’s observations suggest that the current mainstreammodality

for interacting with LLM-based tools as a separate application can
lead to decreased efficiency in collaborative settings. Even when
using GitHub Copilot as an extension within the coding environ-
ment, students sometimes still need the chat features for further
queries beyond the inline completion, which still requires students
to focus on text-based conversation.

In response, students have created adaptive strategies to balance
collaboration with both human teammates and LLM-based tools
by working on multiple screens instead of the single-screen coding
nature of traditional pair programming. For example, P29’s group
divided responsibilities between teammates by having one partner
code while the other researched methods and information:
“We were able to have one person actively code while the other could
support and research corresponding methods and information for the
first JavaScript assignment.” (P29)
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Similarly, P5’s team split tasks between two screens—one for
coding and one for looking up information—“I looked up questions
with my laptop and the code was on my teammate’s laptop”, where
P33’ team used different LLM-based tools concurrently as “My
partner was the one to use the chat AI, I used GitHub Copilot.” These
adaptive methods empowered students to fully exploit the potential
of LLM-based tools in pair programming without being limited by
the traditional single-screen settings.

As P8 further noted, using separate devices allowed both team-
mates to explore different approaches simultaneously, enhancing
efficiency, as they are “both trying different things”. These quotes
illustrate how students proactively optimized their collaborative
processes to mitigate the additional challenges of integrating LLM-
based tools into pair programming, thereby enhancing both pro-
ductivity and communication effectiveness.

Therefore, students’ need towork simultaneously on both screens
is also expressed by their overwhelmingly positive attitudes toward
pair programming extensions like Visual Studio Live Share [36]:
“...we used the Live Share VSCode extension for the first time and it
was incredibly helpful. This made for a more efficient experience and
it was easier to iterate and test as I could easily run the test files or
look in the browser console as they worked and vice-versa. Especially
for the bonus, it was a lot faster to complete with having both of us
work simultaneously on different aspects of it.” (P20)
P20’s account suggests that when collaborative tools are well-

integrated, they not only enhance efficiency by allowing simultane-
ous work but also preserve individual workspace preferences. Such
tools help mitigate the friction often associated with shared screens,
thereby fostering a more productive and satisfying collaborative
environment in pair programming.

5.2.3 Limitations of LLM-based Tools. Despite the benefits, collab-
orations with LLM-based tools through pair programming
context also made students aware of several limitations of
LLM-based tools in programming. One primary challenge is
the importance of prompt engineering and contextual limitations
when solving complicated tasks, as P15 observed:
“Sometimes when the prompt is not clear enough, it will get stuck with
a wrong answer even after multiple times of fixing the description.
In this case, I’ll have to restart the whole conversation for it to get rid
of the context of the previous conversation. It’s time consuming to
check if it is stuck in this kind of loop.” (P15)
P15’s experience highlights how ambiguous input can trap LLM-

based tools in error loops, consuming valuable time that could be
better spent on productive work. P15’s experience also reveals how
accumulated conversational deviations can degrade output quality,
a concern echoed by P37, “it’s easy for the AI to mix up code andmake
our previous code very muddled”, which further illustrates that a loss
of contextual continuity in LLM-based tools, when the length of
current conversation is over maximum tokens, can severely hinder
progress during coding sessions.

Moreover, students expressed concerns about GenAI hallucina-
tions in programming. As P17 stated:
“[Hallucinations] led to a lot of confusion on my end and I actually
wasn’t able to fully complete the assignment... I had to do a quick
mental reset and turn off Copilot.” (P17)

Here, P17’s experience underscores how hallucinations can cause
significant delays and stress, forcing students to interrupt their
workflow. The hallucinations are even more pronounced when
working with rapidly evolving technologies. When tackling the
newly released Svelte 5 [53] in one assignment, P28 observed:
“...it was especially hard to use [LLM-based tools] since Svelte had
had a recent update where its syntax drastically changed.” (P28)
P28’s quote illustrates the struggle of LLM-based tools in han-

dling rapidly evolving technologies, as recent updates might not
be reflected in training data. Similarly, P36 noted, “Since generative
AI cannot be updated with the most up-to-date information imme-
diately, some information it gives can create more confusion, rather
than provide clarity.” Such discrepancies led P17 to conclude that
the AI became “really bad at writing the actual syntax”, prompting a
reconsideration of integrating LLM-based tools into their workflow.

Takeaways: Our qualitative findings illustrate the complex inter-
play between students and LLM-based collaborators in pair pro-
gramming. While LLM-based tools offer valuable technical assis-
tance and can help mitigate the challenges posed by skill disparities,
their effectiveness is constrained by issues related to prompt clarity,
contextual limitations, and rapidly evolving technology. Concur-
rently, human interaction remains essential for deeper collaborative
learning and idea exchange.

6 Discussion
Our study results shed light on how students perceive and interact
with LLM-based tools in pair programming, and provide insights
into the collaboration dynamics. Based on our findings, we discuss
several design implications to better support pair programming
with LLM-based tools, as well as reflections on fostering GenAI
literacy in programming.

6.1 Design Implications for LLM-based Tools in
Pair Programming

Our findings indicate the potential of LLM-based tools as valu-
able collaborators in pair programming, yet they also reveal some
challenges that may limit their effectiveness.

First, while students praised LLM-based tools for programming
capabilities, they also reported issues with contextual limitations,
prompt sensitivity, and outdated knowledge bases. These issues
suggest that future tools need stronger contextual awareness and
memory, ideally integrated directly into the coding environment.
Embedding advanced LLM features within IDEs (Integrated Devel-
opment Environments) (e.g., deeper code context, search for recent
information) would reduce time spent re-establishing context or
coping with stale knowledge. Tools like Cursor [10] hint at this next
step by offering enhanced code awareness among multiple files,
and ChatGPT supports for “working with code” mode to provide
assistance with up-to-date information. However, more research
is needed to assess the effectiveness of those innovations in pair
programming through field studies or controlled experiments.

Second, our qualitative results show that students typically re-
lied on LLM-based tools for technical and syntax-related support,
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while they depended on human teammates for open-ended idea
exchange and conceptual discussions. These findings shed light on
design implications that LLM-based solutions should differentiate
between quick syntax help and deeper, more advisory roles. Per-
haps, allowing users to select a “skill level” for the AI (e.g., basic,
intermediate, advanced) could tailor the learning experience more
effectively than current approaches.

Additionally, our findings indicate that traditional human pair
programming enables students to discuss ideas without losing focus
on their code. Unlike currently available LLM-based tools, which
rely heavily on text-based interactions that can disrupt workflow,
future pair programming interventions could integrate voice com-
munications directly into the IDE, allowing users to engage in audio
interactions that automatically access current code context, support-
ing seamless conversations similar to human pair programming.

Furthermore, students’ preference for working with LLM-based
tools in pair programming on multi-screen setups, as illustrated in
subsubsection 5.2.2, also echoes the concept of Distributed Pair Pro-
gramming (DPP), where two programmers may work from different
workstations remotely [3]. Integrating multi-screen environments
might provide a more effective approach to handling the increased
information input and output inherent in human-AI pair program-
ming. By distributing tasks across multiple screens, students can
seamlessly manage generated suggestions from GenAI, code imple-
mentation, and debugging processes, which may lead to improved
workflow efficiency and enhanced collaborative experiences.

Beyond these functional considerations, it is also crucial to con-
sider non-functional requirements [9] when designing LLM-based
tools for pair programming. Non-functional requirements, such
as system responsiveness, usability, and the ability to support col-
laborative environments effectively, also play an important role
in facilitating a seamless interaction between users and technolo-
gies [45]. For example, usability can be prioritized to reduce cogni-
tive load and streamline interaction, allowing students to focus on
problem-solving rather than tool navigation. Relatedly, enhancing
integration across multiple screens and devices can further support
efficient collaboration and collective communication with GenAI,
so that LLM-based tools better complement, rather than disrupt,
the programming workflow.

6.2 Fostering GenAI Literacy in Programming:
When, How, Why, and Ethical
Considerations

Our findings show that students’ attitudes toward LLM-based tools
improve significantly with early exposure, reflected in the jump
between baseline and midterm attitudes toward output quality.
However, determining what “early” means in practice requires
careful consideration. For example, researchers have concerns that
introducing LLM-based tools too soon might lead beginners to
over-rely on AI-generated solutions before mastering fundamental
skills [64], while introducing them too late might miss an oppor-
tunity to shape positive, informed perceptions of GenAI’s capa-
bilities and limits [63]. A balanced approach could be to start at
intermediate-level courses once students have developed basic pro-
gramming proficiency, accompanied by structured support in using

AI tools. Relatedly and crucially, structured guidance might be im-
portant to leveraging early exposure effectively, as indicated by our
results. Educators may consider scaffolding learning [16], such as
by showing students how to construct prompts, interpret outputs,
and validate solutions rather than accepting them at face value.
More work is needed to establish evidence-based guidelines that
help educators integrate LLM-based tools at the optimal point in
the CS curriculum.

At the program level, such a balanced introduction raises impor-
tant ethical considerations. If students become heavily dependent
on LLM-based suggestions, they risk diminishing the very problem-
solving skills that CS education aims to strengthen. Instructors
might weigh the convenience of AI assistance against the possibil-
ity of undermining students’ autonomy and creativity. An emerging
body of work has looked into how to encourage students to validate
AI outputs [32] and reflect on the origins and reliability of the un-
derlying data can help address these ethical dilemmas [55]. Future
work can expand to empirically assess the long-term cognitive and
ethical impacts of LLM integration in CS education.

7 Limitations
Our study has several limitations that suggest avenues for further
research. First, the study was conducted on a relatively small scale,
which limits the generalizability of our findings. Second, although
we investigated the impact of LLM integration over an entire semes-
ter, traditional pair programming studies often examine longer-term
effects on students, indicating that further research is needed to
capture sustained, long-term dynamics. Third, the controlled edu-
cational setting of our study may not reflect the complex nature of
professional programming environments; future research should
explore other real-world contexts.

8 Conclusion
We conducted one of the first empirical studies that compared
three human-AI pair programming conditions (pair programming
without GenAI, pair programming with GenAI, and solo programming
with GenAI ) with 39 students in a real undergraduate classroom.
Our findings indicate that students’ attitudes towards LLM-based
tools improve significantly during the early stages of exploration.
The highest assignment performance was observed under the pair
programming with GenAI condition, while the lowest occurred in
the solo programming with GenAI condition. In pair programming
collaborations, students primarily sought fundamental technical
assistance from LLM-based tools, yet they valued human partners
for exchanging ideas and tackling complex challenges. Students
also expressed distinct preferences for different modalities of LLM-
based tools. Looking ahead, future human-AI pair programming
systems could greatly benefit from seamless integrations and multi-
screen environments that move beyond traditional setups, which
may enrich collaboration and enhance learning outcomes.
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