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Abstract
AI is rapidly transforming computing practice, creating new
challenges for educators across computing, systems, and
networking disciplines. While unrestricted AI use can under-
mine conceptual learning, prohibiting AI risks disconnecting
coursework from modern professional practice.
This experience report presents a scaffolded framework

for generative AI integration in computing education that
balances foundational skill development with AI-assisted
learning. With this framework, students progress through
three stages: foundational skill development without AI as-
sistance, structured AI-assisted pair programming, and AI-
enabled project development where AI serves as a productiv-
ity multiplier. We describe the design rationale, implemen-
tation, and lessons learned from a pilot deployment of this
framework. Our experience suggests that integrating AI into
project-based coursework can help students develop critical
awareness of AI’s limitations and the professional habits
needed to evaluate AI-generated code. However, students
frequently reported tension between the speed AI affords
and the depth of understanding that coursework is designed
to build.
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1 Introduction
AI has rapidly become part of everyday computing practice.
In particular, generative AI tools (e.g., OpenAI Codex, Claude
Code, Microsoft Copilot, etc. [5]), can generate code, explain
APIs, assist with debugging, produce infrastructure configu-
rations, and support development workflows at a level that
was difficult to imagine only a couple of years ago. As these
tools become increasingly common in industry, computing
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educators face a key question: how should students learn
computing in an era when AI can produce substantial por-
tions of software systems and infrastructure configurations?
The answer is not obvious. On the one hand, prohibiting

AI use entirely risks creating a disconnect between class-
room practice and the realities of contemporary computing.
Students graduating into industry will almost certainly en-
counter AI-assisted workflows and will be expected to use
them effectively [7, 9]. On the other hand, unrestricted AI
use may allow students to bypass critical learning experi-
ences, producing functioning artifacts without developing
the conceptual understanding necessary to design, evalu-
ate, debug, deploy, and maintain complex systems. Across
computing disciplines (esp. in software engineering, systems,
networking, etc.) learning the fundamentals and preserving
deep understanding of core concepts remain key even as
development tools evolve.

We believe this tension is particularly visible (and will ag-
gravate more) in foundational computing courses. Students
are already experimenting with AI tools in diverse and of-
ten unsupervised ways (e.g., Shadow AI [2, 4]). Some use
AI as a productive collaborator, while others rely on it as a
replacement for problem solving (e.g., leading to cognitive
atrophy [3], cognitive debt [1]). Educators therefore face
a pedagogical challenge that extends beyond questions of
academic integrity: how can AI be integrated into course-
work in ways that enhance learning rather than shortcut
it? More broadly, how can educators prepare students to
work effectively in AI-augmented environments (e.g., net-
work management, AIOps settings, etc.) while ensuring that
they still develop the foundational knowledge required to
reason about systems, diagnose failures, and adapt to new
technologies?

Through our experience redesigning and teaching under-
graduate computing courses, we arrived at a simple observa-
tion: effective AI use should be learned, not assumed. The
challenge is not whether students should use AI, but when
and how should they use it? Said differently, students need
opportunities to develop foundational competencies indepen-
dently before learning to collaborate with AI and, ultimately,
leverage it as a productivity multiplier. We therefore view AI
integration as a pedagogical design challenge: determining
when students should struggle independently, when AI can

1

https://creativecommons.org/licenses/by-sa/4.0
https://creativecommons.org/licenses/by-sa/4.0
https://creativecommons.org/licenses/by-sa/4.0


ACM SIGCOMM A4NE ’26, August 17, 2026, Denver, CO, USA Ramakrishnan Durairajan

serve as a learning partner, and when it can be used to accel-
erate development without compromising understanding.
Motivated by this view, we propose a scaffolded frame-

work for generative AI integration into computing education.
At the core of the framework is a phased approach in which
students: (1) complete course activities without AI assistance
to establish foundational competencies in phase 1; (2) engage
in structured AI-assisted activities that emphasized critical
evaluation, reflection, and collaboration in phase 2; and (3)
leverage AI as a productivity multiplier during a substantial
systems-building project in phase 3.
This experience report presents the design rationale be-

hind the framework, describes its implementation, and re-
flects on lessons learned from its initial deployment in CS
322 (Introduction to Software Engineering) [8] at University
of Oregon. While the framework was evaluated in a single
course, we believe its underlying principles provide a starting
point for AI integration across computing education. Fur-
thermore, the framework is particularly relevant to systems
and networking courses where deep conceptual understand-
ing remains essential despite increasingly capable AI tools
(e.g., AIOps for multi-cloud [10] and enterprise [6] network
management) in the domain.

2 Generative AI in Computing Education
The rapid adoption of generative AI has created a fundamen-
tal tension for computing educators. On one hand, generative
AI development tools (e.g., [5]) have become increasingly
common in professional practice. Software engineers, sys-
tems engineers, site reliability engineers, and platform teams
routinely use AI tools to generate code, explain unfamiliar
technologies, troubleshoot errors, and accelerate develop-
ment workflows. Consequently, it is neither practical nor
desirable for educators to ignore them. Students entering the
workforce will be expected not only to understand comput-
ing concepts but also to use AI tools effectively.
On the other hand, the educational goals of computing

courses extend beyond producing working artifacts. Students
must develop the conceptual understanding needed to reason
about systems, diagnose failures, evaluate design decisions,
and adapt to new technologies throughout their careers. Gen-
erative AI complicates this process because it can often pro-
duce plausible solutions with minimal effort from the learner,
leading to cognitive atrophy [3]. A student may successfully
complete an assignment using AI-generated code, config-
urations, or explanations without fully understanding the
underlying concepts. While the resulting artifact may func-
tion correctly, the learning objectives will not be met.
These concerns have led educators to question how AI

should be incorporated into computing curricula. Early class-
room experiences suggest that students can become overly

reliant on AI tools, treating them as authoritative sources
rather than critically evaluating their outputs. This reliance
may reduce opportunities for productive struggle, experi-
mentation, and debugging; these are the kind of activities
that have traditionally played an important role in develop-
ing problem-solving skills in computing. At the same time,
instructors face increasing challenges in assessing student
understanding when AI systems can contribute substantially
to assignment solutions.
Yet the appropriate response is not simply to prohibit AI

use. Such restrictions may be difficult to enforce and risk
leaving students unprepared for the realities of industry.
Instead, educators must help students develop AI literacy:
the ability to understand the capabilities and limitations of
AI systems, critically evaluate generated outputs, recognize
when AI assistance is appropriate, and effectively integrate
AI into their workflows. The central challenge, therefore, is
not whether AI belongs in computing education, but how it
can be incorporated in ways that support learning objectives.

3 A Scaffolded Framework for AI
Integration

The challenges described above suggest that the question
facing computing educators is not whether AI should be
used in the classroom, but how its use should be structured.
Completely prohibiting AI may leave students unprepared
for modern computing practice, while unrestricted use risks
undermining the very learning outcomes that computing
courses are designed to achieve. We therefore propose a
scaffolded framework for AI integration that treats AI not as
a binary choice but as a capability that students learn to use
progressively over time.
The framework is motivated by a simple observation: ef-

fective AI use should be learned, not assumed. Just as stu-
dents are taught how to debug software, evaluate system
designs, or reason about performance trade-offs, they must
also learn how to interact with AI systems productively
and critically. Consistent with the scaffolding framework
of Wood, Bruner, and Ross [11], the framework therefore
introduces AI in stages, beginning with foundational skill de-
velopment, followed by structured AI-assisted learning, and
culminating in more autonomous AI-supported work. The
goal is to preserve conceptual understanding while helping
students develop the skills necessary to operate effectively
in AI-augmented environments.

3.1 Design Principles
The framework is guided by four principles that emerged
from our experience teaching computing courses and observ-
ing how students interact with generative AI tools.
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Foundations before automation. Students should first
develop a conceptual understanding of core computing prin-
ciples before relying on AI assistance. Whether the topic
is programming, debugging, distributed systems, network-
ing, or platform engineering, students benefit from building
mental models that allow them to reason about behavior,
identify failures, and evaluate solutions independently. AI
can accelerate implementation, but it cannot – and should
not – replace first-principles thinking.
AI as a collaborator, not a replacement. The purpose

of AI is to augment human learning rather than substitute
for it. Students should engage with AI as a collaborator that
provides suggestions, explanations, and alternative perspec-
tives while retaining responsibility for understanding and
evaluating the resulting work. This shifts AI from an answer-
generating tool to a learning partner.
Progressive autonomy. Students should gain increas-

ing freedom to use AI as their competence develops. Early
learning activities emphasize independent problem solving,
while later activities allow students to incorporate AI into
increasingly complex tasks. This progression mirrors how
expertise develops in any professional practice: autonomy is
earned through demonstrated competence over a period of
time.

Reflection and verification. Students should be encour-
aged to critically evaluate AI-generated outputs rather than
accepting them at face value. Verification, comparison, test-
ing, and reflection are essential skills for effective AI use.
Learning occurs not only through generating solutions but
also through understanding their correctness, limitations,
and trade-offs.

Building on these principles, the scaffolded framework en-
tails the following three phases.

3.2 Phase 1: Crawl – Learning Without AI
The first phase focuses on foundational learning without AI
assistance. The objective is to help students develop the men-
tal models and problem-solving skills necessary to reason
about computing systems independently.

During this phase, students engage directly with core con-
cepts and experience the productive struggle that often ac-
companies learning. They write code, debug errors, design
software components, and analyze system behavior using
their own reasoning and the instructional resources pro-
vided by the course. Although this process may be slower
than AI-assisted development, it creates opportunities for
students to develop intuition about how systems work and
why particular solutions succeed or fail.

3.3 Phase 2: Walk – Structured AI-Assisted
Learning

Once students have demonstrated foundational competence,
AI is introduced in a structured manner. The goal of this
phase is not simply to increase productivity, but to help
students learn how to work effectively with AI systems.

In this stage, students treat AI as a collaborator rather than
an automated solution generator. Students may engage in
AI-assisted pair programming, use AI tools to review code,
request explanations of unfamiliar concepts, or critique al-
ternative implementations. These activities expose students
to the strengths and limitations of AI while preserving their
role as active participants in the learning process.
A critical component of this phase is accountability. Stu-

dents remain responsible for validatingAI-generated outputs,
explaining design decisions, and comparing AI-generated
solutions with their own approaches. For example, students
may be asked to justify why a particular AI-generated imple-
mentation is correct, identify weaknesses in a generated
solution, or discuss trade-offs between human-produced
and AI-produced designs. These activities encourage crit-
ical thinking and reinforce the idea that AI outputs should
be evaluated rather than accepted uncritically.
Another critical component of this phase is rethinking

assessment. Traditional assessments often focus on the cor-
rectness of a final artifact, making it difficult to distinguish
between student understanding and AI-generated work. As
AI becomes a routine part of the learning process, instruc-
tors must increasingly evaluate how students reason about
problems rather than simply what they produce. Structured
reflection and metacognitive prompts can provide insight
into students’ decision-making, use of prior knowledge, eval-
uation of AI-generated suggestions, and overall learning
process. For example, students may be asked to explain why
they turned to AI, describe instances where they modified
or rejected AI-generated outputs, or reflect on how AI in-
fluenced their understanding of a particular concept. Such
activities help shift assessment from artifact-focused evalua-
tion toward evidence of reasoning, judgment, and conceptual
understanding.

3.4 Phase 3: Run – AI as a Productivity
Multiplier

The final phase allows students to use AI more freely as they
work on larger and more complex projects. By this point, stu-
dents have already demonstrated foundational understand-
ing and gained experience critically evaluating AI-generated
outputs. The role of AI therefore shifts from a learning scaf-
fold to a productivity multiplier.
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Students can leverage AI to accelerate tasks such as imple-
mentation, testing, documentation, integration, and infras-
tructure generation. For example, AI may assist in generating
boilerplate code, producing test cases, creating deployment
configurations, or drafting project documentation. Students
remain responsible for the correctness and quality of the
resulting artifacts, but AI can substantially reduce the time
required to complete routine tasks.
Importantly, this phase does not represent a departure

from the educational goals of the earlier stages. Instead, it
reflects a transition toward authentic computing practice.
Professional engineers routinely use tools that automate por-
tions of their workflow while relying on their expertise to
guide decisions, validate outputs, and resolve unexpected fail-
ures. By introducing AI only after students have established
foundational competence and developed habits of critical
evaluation, the framework enables students to experience
AI as a multiplier rather than a substitute for understanding.

4 Pilot Deployment
We piloted the scaffolded framework in CS 322, a sophomore-
and junior-level undergraduate course at the University of
Oregon. Although formally designated as a software engi-
neering course, CS 322 spans a broad range of computing
topics, including web architectures, containerization, testing,
databases, APIs, security, and software integration. Through
a sequence of hands-on projects, the 54 students (enrolled)
in the course designed, implemented, tested, and deployed
complete applications while gaining exposure to concepts
commonly associated with systems, networking, and plat-
form engineering.

CS 322 provides a useful setting for evaluating AI integra-
tion for three reasons. First, the course sits at the intersection
of software, systems, and platform-engineering education,
making it representative of the interdisciplinary skills in-
creasingly required in modern computing practice. Second,
it serves sophomore- and junior-level students who have
completed introductory programming coursework but are
still developing the conceptual foundations needed for more
advanced computing topics. Third, the course is organized
around substantial project-based work that requires students
to integrate multiple technologies and reason about complex
systems over an extended period of time. These character-
istics create opportunities for both productive AI use and
potential overreliance on AI-generated solutions.
To align with the scaffolded framework, AI access was

introduced progressively throughout the term (as shown in
Table 1). Students first completed a series of mini-projects
without AI assistance, followed by structured AI-assisted
activities, before ultimately applying AI more freely during
a larger team-based project.

Course Activity AI Integration Phase
Projects 1–4 P1: Learning Without AI
Projects 5–6 P2: Structured AI-Assisted Learning
Final Project P3: AI as a Productivity Multiplier

Table 1: Mapping course activities to the scaffolded AI
integration framework.

The transition points between phases were chosen to align
AI access with students’ developing competence. Projects
1–4 focused on foundational concepts and core development
skills, providing students with opportunities to build mental
models and problem-solving strategies without AI assistance.
After students demonstrated baseline proficiency, Projects
5–6 introduced structured AI-supported activities (e.g., via
AI as a pair programmer) designed to help students learn how
to critically evaluate, refine, and verify AI-generated outputs.
Finally, the larger team-based project allowed students to
use AI more freely as a productivity multiplier while remain-
ing responsible for system design, implementation, testing,
and deployment decisions. This progression was intended
to balance foundational learning with authentic exposure to
AI-assisted development practices.

Finally, while the specific content of CS 322 differs from
dedicated systems or networking courses, the underlying
instructional challenges are similar. Students must develop
strong conceptual foundations while learning to work ef-
fectively with increasingly capable AI tools. As a result, we
view CS 322 not merely as a software engineering course,
but as a representative pilot environment for exploring AI
integration across computing education more broadly.

5 Evaluation
5.1 Course Survey
The survey is composed of four questions:

(1) Structured Reflection. (i) What specific problem
were you trying to solve when you turned to AI? (ii)
What prior knowledge, course concepts, documenta-
tion, or other resources did you rely on before prompt-
ing the AI? (iii) Describe at least one instance where
you modified, refined, or rejected an AI-generated sug-
gestion. Why did you make that decision?

(2) Metacognitive Analysis. (i) Did using AI change
how you thought about the problem? If so, how? (ii)
Did AI accelerate your understanding, bypass part
of your learning process, or both? Explain. (iii) At
what point did you feel most cognitively engaged with
the task—before, during, or after interacting with AI?
Why?
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(3) Critical Evaluation. (i) Did the AI-generated output
raise any concerns related to security, privacy, cor-
rectness, maintainability, or software quality? If so,
describe them. (ii) How did you verify the accuracy
and reliability of the AI’s suggestions or code?

(4) Professional Practice. Imagine that the AI-generated
code or solution would be used in a production envi-
ronment. (i)What additional testing, review, validation,
or documentation would you require before trusting
it? (ii) What risks would need to be addressed before
deployment? (iii) Who else (e.g., teammates, reviewers,
security engineers) should be involved in evaluating
the solution?

Of the 54 students, 33 students responded to our reflec-
tion survey. We analyzed a corpus of 33 student reflection
responses to these questions.We performed exploratory qual-
itative analysis consisting of thematic coding, keyword fre-
quency analysis, and LLM-assisted sentiment categorization
on this corpus. Each response was tagged against nine pre-
defined themes (such as AI code generation, security, debug-
ging, etc.) based on topics covered in the course, with both
binary presence and raw mention counts recorded. Senti-
ment was scored per response and then bucketed into three
categories: positive/learning-forward, mixed/neutral, and
concern/friction-forward. Keyword and bigram frequencies
were aggregated across the full corpus to surface the lan-
guage students actually reached for when describing their
experience. The per-response summaries were then read
alongside the quantitative results to ground the numbers
in specific student voices, which is how individual names
and quotes were tied back to aggregate patterns. Note that
because our evaluation only analyzes student reflections to
these questions, we present perceptions and attitudes, not
learning outcomes. Measuring the learning outcomes is part
of our ongoing work.

5.2 Preliminary Results
Figure 1 breaks down sentiment two ways: the donut (left)
shows the three-category split (nearly two-thirds of files
lean toward concern or friction), while the scatter plot (right)
shows each response’s individual sentiment score. The distri-
bution skews clearly negative, with most scores between -0.3
and -0.85 and only a handful of genuinely positive outliers
above +0.3.
Students used AI extensively, but rarely trusted it

blindly. All 33 students described using AI for code genera-
tion (428 mentions total), and all 33 also discussed security,
testing, and the need for human review. Security alone ac-
counted for 174 mentions, while 27 students (82%) explicitly
wrote about prompting, iterating on, rejecting, and verifying
AI-generated suggestions. The bigram “make sure" appeared

38 times and “verify accuracy" appeared 10 times across the
corpus. These suggest that students approached AI with a
posture of cautious verification rather than confident dele-
gation.

Student experience was more stressful than exciting.
21 students (64%) wrote reflections that leaned toward con-
cern, friction, or uncertainty, while only four (12%) expressed
a clearly positive view. This does not necessarily indicate
failure of the pilot study; meaningful learning is often accom-
panied by difficulty. However, it does suggest that working
with AI introduced genuine cognitive load for most students
rather than functioning as a simple shortcut.
Students also recognized a tension between effi-

ciency and understanding. Learning and metacognition-
related issues appeared in 32 of 33 reflections (97%, 175 men-
tions). In fact, several students acknowledged that AI’s speed
sometimes came at the expense of deeper comprehension. 5
students explicitly identified concepts or tasks they skipped,
delegated, or failed to retain because AI handled them.
Students who engaged most deeply and critically

came out most positive. The students who engaged and
pushed back on AI reported the most positive experiences.
The 4 positively scored reflections showed evidence of ques-
tioning AI-generated outputs, and attempting to understand
AI-generated code rather than simply using it with multiple
follow-up questions.

Overall, students demonstrated awareness of responsible AI
use. 32 of 33 could clearly articulate why AI-generated code
requires scrutiny, what risks it introduces, and the impor-
tance of human oversight. Yet many of those same students
described the experience as difficult, uncertain, or friction-
filled, and some identified gaps in their own understanding
that resulted from relying on AI. Our results therefore point
to a distinction between knowing the principles of respon-
sible AI use (which was nearly universal) and developing
the confidence and depth of understanding required to apply
those principles effectively in practice.

5.3 Limitations
This work has several limitations. First, the pilot deployment
was conducted in a single undergraduate computing course
at one institution. Because of this, the generalizability of the
findings to other courses, disciplines, and student popula-
tions are limited and more longitudinal work is needed on
this front. Second, our evaluation relied primarily on student
reflection essays and self-reported experiences, which pro-
vide insight into student perceptions and reasoning but do
not directly measure learning outcomes, conceptual under-
standing, skill acquisition, or long-term retention. Third, no
control or comparison group was used, making it difficult to
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Figure 1: Student sentiment toward AI-assisted coding: distribution (left) and per-response scores (n=33) (right).

attribute observed outcomes solely to the scaffolded AI inte-
gration framework. Finally, while thematic coding, keyword
analysis, and sentiment scoring provided useful descriptive
insights, these methods cannot fully capture the complexity
of student learning processes or establish causal relation-
ships between AI use and educational outcomes. As a result,
the preliminary results should be interpreted as exploratory
evidence intended to inform future research rather than as
definitive validation of the framework’s effectiveness.

5.4 Discussion
CS area-specific considerations. While the proposed
framework is broadly applicable across computing education,
we note that the boundaries between the phases will likely
differ across areas of computer science (e.g., networking, pro-
gramming languages, and databases). This means that the
foundational competencies students should develop with-
out AI are discipline-specific. For example, programming
languages emphasize algorithmic thinking and debugging;
systems focus on processes, memory, and concurrency; net-
working requires reasoning about protocols, routing, and
packet behavior; databases depend on relational modeling
and query optimization; graphics builds on linear algebra
and the rendering pipeline; and security demands an under-
standing of threat models and cryptographic principles. Once
these conceptual foundations are established, AI can serve as
a productivity multiplier by assisting with implementation-
specific tasks such as boilerplate code, configuration gener-
ation, documentation, testing, and refactoring without re-
placing the underlying reasoning that computing education
seeks to develop.

Rethinking learning outcomes in the age of AI. This
work also raises several questions for future research. As AI
becomes increasingly integrated into computing workflows,
how should learning outcomes evolve? Traditional artifact-
based assessments become less informative when AI can
generate correct implementations, motivating assessment

approaches that emphasize conceptual understanding, de-
bugging, transfer of knowledge, oral explanation, and critical
evaluation of AI-generated outputs. How can scaffolded AI
integration be adapted to systems, networking, and other
computing curricula with different learning objectives and
technical constraints? Finally, what metrics should educa-
tors use to evaluate the success of AI integration beyond
traditional measures of assignment completion and course
performance? Addressing these questions will be essential
as computing educators continue to redefine what it means
to prepare students for an AI-enabled future.

6 Summary
Generative AI is reshaping computing practice, but its inte-
gration into computing education cannot be reduced to a sim-
ple choice between prohibition and unrestricted use. As AI
tools become commonplace in professional environments, ed-
ucators must prepare students to use them effectively while
preserving the foundational knowledge and problem-solving
skills that remain central to computing disciplines. We argue
that AI integration is fundamentally a pedagogical design
problem: the key question is not whether students should
use AI, but when and how they should use it throughout the
learning process.

To address this challenge, we presented a scaffolded frame-
work that progressively introduces AI through three phases:
foundational learning without AI, structured AI-assisted
learning, and AI-enabled project development. Piloted in
an undergraduate course spanning software engineering,
systems, and platform-engineering concepts, the framework
seeks to balance conceptual learningwith authentic exposure
to modern AI-assisted workflows.

Our initial experience suggests that this approach provides
a practical middle ground between the extremes of unre-
stricted adoption and outright prohibition. Students demon-
strated awareness of responsible AI use. In particular, 32 of
33 students were able to articulate why AI-generated outputs
require scrutiny, what risks AI introduces, and why human
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oversight remains essential. At the same time, many students
described AI-assisted development as difficult, uncertain, or
cognitively demanding, and several identified gaps in their
own understanding that emerged when relying too heavily
on AI-generated solutions. These findings suggest an im-
portant distinction between understanding the principles
of responsible AI use and developing the confidence, judg-
ment, and technical depth required to apply those principles
effectively in practice.
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