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Abstract
AI coding assistants have moved from autocomplete to agents that
generate, run, and revise whole programs. As a result, software is
increasingly being built by stating intent rather than writing code
by hand. Furthermore, students are using these tools in their course-
work. In an introductory course, 84 percent of students stated they
used ChatGPT for their assignments, exposing a gap in assessment
when these tools are at play. When an LLM writes the code, passing
test suites alone does not show how well the student works with
AI, because there are other expertise-revealing aspects of software
development, like security. What separates a strong student (when
AI is permitted) is how well they specify a task, direct an agent, and
catch bad output. We present a competency framework that scores
AI-assisted programming work along five competencies (problem
solving, planning, prompting, verification, and agentic workflow)
with an assessment design that offers three levels of AI availability.
The framework runs in an online assessment platform we built
and operate, and it reports interpretable results for each compe-
tency backed by evidence, though it is in early development and
not yet widely used or validated. We describe the framework and
its rationale while outlining a planned evaluation.

CCS Concepts
• Social and professional topics→ Student assessment; Com-
puter science education; • Software and its engineering → De-
signing software.
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1 Introduction
With modern AI coding assistants, a student can describe what a
program should do and have the model produce, run, and fix it, writ-
ing little of the code by hand [3, 7, 21]. Students have adopted these
tools almost as rapidly as they have grown: in one introductory
course, 84 percent had used ChatGPT on their assignments [22],
and across 59 computing courses, the share of students willing to
submit an AI solution without understanding it rose from 1 to 11
percent in a single year [9].

Teaching students to build with AI creates an assessment prob-
lem [1, 14, 19]. A correct-looking program is no longer evidence
of the author’s skill. A model can produce code that passes a test
suite yet is subtly wrong or insecure. When a benchmark’s test
suite was expanded to roughly 80 times as many cases, measured
pass rates fell by up to 29 percent [12], and across four assistants,
including GitHub Copilot and ChatGPT, only 21 percent of gen-
erated methods were correct even though 31 percent passed their
tests [4]. Developers given an AI assistant also wrote less secure
code while believing it was more secure [18]. Beginners may be
particularly vulnerable to overreliance on AI, as those who most
overestimated their own understanding accepted AI suggestions
more often and developed an “illusion of competence” [2, 20, 23].
Another study found that beginners did not even run AI-generated
code about 40 percent of the time [8]. An instructor cannot separate
genuine competence from confident delegation by a passing artifact
alone. Therefore, the assessment has to look at the work behind
it, including how a student specifies a task, directs an agent, and
checks what comes back [5]. We present a competency framework
for assessing that work in software development courses, from
introductory programming to web development. We also present
an assessment design that varies how much AI a student may use.
The framework is deployed in an online assessment platform we
built and operate.1

2 Five Competencies for AI-Assisted Work
Skilled and unskilled programmers work with AI differently, both
in what they build and in how they direct the tools. Therefore,
even when AI is in the loop, prior-learned programming skills leave
observable traces that a proper assessment can measure. The frame-
work scores an AI-assisted session along five competencies based
on how skilled programmers work with agents [13, 16], broken
down in Table 1 by the observable behaviors that distinguish a
high score from a low one. Prior works helped lay the foundation
for this framework. These works include Long and Magerko’s AI
literacy competencies for critically evaluating, collaborating with,
1AlgoArena, https://algoarena.net.
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Table 1: What constitutes a high or low score for each com-
petency

Competency Observable behaviors

Problem
solving

High: names requirements, edge cases, and constraints, and
delivers a working, well-scoped result. Low: pastes the task in
with no further thought.

Planning High: plans before building, asks the model for clarification
when needed, and course-corrects when necessary. Low: sends
a single, unstructured prompt.

Prompting High: writes and refines specific, deliberate prompts. Low:
repeats vague one-line requests with minimal effort.

Verification High: runs test suites, double-checks that the output or UI is
as desired, and asks the model to explain itself when needed.
Low: applies AI-generated changes blindly.

Agentic
workflow

High: orchestrates and steers agents in parallel. Low: sticks
to a single agent and abandons it when it fails.

Table 2: Three levels of AI availability and what each isolates

Assessment AI available What it isolates

Agentic Full agentic tools Direction and verification
Guided Restricted assistant that

explains or suggests
Problem solving with lim-
ited AI assistance

No-AI None Baseline ability without AI

and using AI [13], and the trajectory that Mozannar et al. observed
programmers move through when working with AI assistants [15].
Recent related work includes scoring students’ chatbot conversa-
tions in writing courses by hand (DRIVE) [16], defining different
levels of permitted AI use (AIAS) [17], and recording and analyzing
programming sessions (RECAP) [6]. To our knowledge, however,
no prior framework combines defining competency scores from a
session recording with linking those scores to supporting evidence
while also covering different levels of AI availability.

3 AI Availability and Interpretable Scoring
AI involvement is set per question, from a full agentic workspace
to no AI assistance allowed (Table 2). An agentic assessment gives
the student a full set of AI tools and evaluates how well they direct
LLMs and verify their output. Students can set their permission
levels (Careful, Balanced, or Full access), and questions can feature
real-world developer tools like Claude Code or Codex, running on
a virtual machine through a browser-hosted terminal. A guided
assessment, however, offers a limited assistant that can explain and
suggest, but cannot write code directly. A no-AI assessment (self-
explanatory) neither enables nor scores the process of prompting
LLMs, and as a result, the remaining competencies are scored using
telemetry from the student’s own, unassisted process.

Scoring is automated: behaviors derived from the recorded ses-
sion [15] (e.g., prompt quality) are translated through a rubric into
an interpretable score from 0 to 100 for each competency (Table 1).
The session as a whole also receives one of four categories (Weak,
Promising, Solid, or Strong). Every competency score comes with
evidence [11], such as test results, conversation transcripts, and
recorded IDE activity, including changes in AI execution mode
or movement between questions, so that an instructor can audit
conclusions drawn from the assessment.

These signals address the problems raised in Section 1. Problem-
solving scores result from the deliverable itself, including its code

Example session profile (illustrative)

Problem Solving

Planning

PromptingVerification

Agentic
Workflow

Overall (aggregate): Solid
Verification is the weakest competency here, with 45% of suggestions applied without review

Each score links back to its moment in the recorded session

Figure 1: Example session results across the five competen-
cies, scored from 0 to 100.

quality. Verification scores come fromwhether the student reviewed
and tested the output, so that a build that passes its tests but is, for
example, unscalable is not taken at face value. Overreliance and
the “illusion of competence” are illustrated in Figure 1. Scores also
aggregate across a whole class, so an instructor could see where
everyone might need improvement.

4 Limitations and Next Steps
The framework has not yet been validated, despite our own in-
formal, encouraging use. In particular, we do not have firm evi-
dence that its ratings accurately reflect a student’s competence in
AI-assisted programming, so we currently draw no consequential
conclusions from the scores. The framework also complements
rather than replaces a course’s direct assessment of concepts such
as graphs, parsing, or garbage collection. Assessing how a stu-
dent uses AI also presents a challenge where the assessment must
avoid rewarding a student’s confident delegation over their under-
standing to catch mistakes [2, 20]. Recording sessions could raise
privacy concerns, so if we do collect data for further analysis, stu-
dents should be told what is logged and why, recordings should
be deleted once no longer needed, and further studies should run
under informed consent and ethics review.

A next step would be to conduct a formal study with consenting
undergraduates in courses piloting the platform. Each participant
would complete tasks at three increasing levels of AI availability.
Two graders, blind to the framework’s grading, would rate every
session on the five competencies, and we would compare their
ratings with the framework’s scores. Task performance would come
from the platform’s usual test-based grading alongside the graders’
code review. This leads us to the following questions. RQ1: Do
the five competencies capture differences in AI-assisted work that
experts agree on? RQ2: Do the signals for each competency predict
later task performance? Answers to these questions would help
instructors adapting to AI [10, 24] address whether assessing a
student’s collaboration with AI could be a meaningful factor to
consider when grading.
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