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Abstract
Introductory programming courses often rely on small code-writing
tasks with clear and complete problem specifications. Such tasks
limit opportunities for students to practice clarifying ambiguous
requirements – a critical skill in real-world programming. Given
the ubiquity of large language models (LLMs) that can produce
accurate solutions for such well-specified tasks, students may ques-
tion the relevance of learning to write code for such tasks. Probe-
able Problems, by contrast, deliberately omit essential details, en-
couraging students to think critically, identify ambiguities, and
seek clarifications. This study builds on theories of metacognition,
cognitive flexibility, and design thinking to explore the strategies
used by human students when tackling ambiguous programming
tasks. For three Probeable Problems, we analyze the contents of
40,000 student-written probes to investigate how thoroughly and
efficiently students are able to explore ambiguities. Our results
offer insights into the effective design of feedback for Probeable
Problems, and emphasize the benefits of engaging learners with
authentic, ill-structured problems to enhance critical thinking and
metacognitive skills.
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1 Introduction
Introductory programming courses typically use small code-writing
tasks with clearly specified requirements. While effective for teach-
ing syntax and basic programming concepts, such tasks offer limited
opportunities for students to practice handling ambiguous or in-
complete specifications. Clarifying requirements is a critical skill
in real-world programming, where requirements are often com-
municated in natural language and may be incomplete or unclear
[16, 45]. Failure to resolve ambiguities early in the development
process can lead to costly errors [13].

Traditional programming exercises, which often rely on auto-
mated grading tools, reinforce a focus on well-defined problems
[3, 17, 27]. However, the rise of large language models (LLMs)
presents a new challenge: well-specified tasks can now be reliably
solved by LLMs [12, 36]. Studies have already shown that multi-
modal models can even solve Parsons problems and complete graph
and tree traversals based only on an image and problem descrip-
tion [19, 21]. This has the potential to harm student engagement and
lead students to question the relevance of manually solving such
tasks that some students increasingly perceive as ‘busy work’ [53].

Probeable Problems introduce ambiguity into programming tasks
by deliberately omitting key details. These problems require stu-
dents to generate ‘probes’ – test inputs submitted to an ‘oracle’ that
clarify expected behavior – before submitting code and obtaining
feedback based on instructor-written test cases. Such tasks not only
simulate real-world programming scenarios but also resist trivial
solutions from LLMs, because the lack of detail prevents LLMs from
producing correct code solutions via a ‘copy-and-paste’ approach.
This aligns with metacognitive theories, which emphasize that tasks
requiring active cognitive engagement can help students develop
self-regulation and informed decision-making skills [15, 54]. By
navigating uncertainty and making strategic choices about when
to stop probing and start coding, students enhance their ability to
monitor and adapt their learning strategies.

Design thinking and cognitive flexibility theory further sup-
port the use of Probeable Problems in educational contexts. Design
thinking promotes iterative problem framing and comfort with
ambiguity [41]. The process of probing – actively generating test
inputs to clarify a problem – is a natural fit for design thinking,
as it encourages exploration and reframing of the problem space.
Similarly, cognitive flexibility theory [48] highlights the value of
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engaging with ill-structured problems, where multiple perspec-
tives and adaptive thinking are required. By encouraging students
to think about and consider different interpretations of a prob-
lem, Probeable Problems help support the development of flexible
problem-solving strategies.

While prior work has analyzed the quantity of student probes in
both small- and large-scale programming contexts [10, 31], the cur-
rent study examines the content of those probes, as well as incorrect
code submissions. Since ambiguous tasks allow for multiple inter-
pretations, our analysis investigates whether and how efficiently
students use probes and feedback from incorrect code submissions
to discard some of these interpretations, and thereby hone in on
a solution consistent with the desired interpretation. As noted by
Denny et al. [10], students should ideally be able to explore the
problem space thoroughly enough via probing alone. We provide a
definition of thoroughness, drawing inspiration from Wrenn and
Krishnamurthi’s definition in the context of creating thorough test
cases [52].

Our analysis is structured around the following research ques-
tions:

• RQ1: How thoroughly are students able to explore the input
space of Probeable Problems?

• RQ2: How efficiently do students explore the input space?
• RQ3: What are the strategies that students use to probe and
when do they decide to start coding?

By exploring these questions, we aim to provide insights into
designing educational tools and tasks that support critical thinking
and metacognitive skills, preparing students for real-world pro-
gramming challenges.

2 Related Work
2.1 Ambiguity in Code Specifications
The idea of incorporating ambiguity into programming assign-
ments dates back to at least 1978, when Schneider [43] argued
that CS1 students must develop the ability to “recognize and re-
solve uncertainties in simple problem statements”. To develop this
ability, he proposed that “some programming assignments should
intentionally be left incomplete, requiring the student to consider
the alternatives and to make a reasonable decision on the omitted
details”. To date, this approach has not been widely adopted in intro-
ductory programming education. Instead, Luxton-Reilly et al. [26]
highlight the dominance of an exercise-intensive approach to in-
troductory programming pedagogy, supported by the widespread
use of automated assessment tools. These tools have reinforced an
emphasis on well-defined problems with clearly specified, unam-
biguous requirements [27, 30].

While code-writing exercises are effective for mastering syntax
and basic programming concepts, an excessive emphasis on clearly
specified tasks can reduce the opportunity for students to develop
higher-order cognitive and metacognitive skills such as handling
ambiguous requirements. These skills, which have always been
essential for real-world programming [16, 45], are perhaps more
relevant in an era with powerful code-generation models [14, 19, 21,
24, 42]. Therefore, the computing education community is keenly
interested in exploring new types of learning activities [12, 36, 39].

2.2 Task Comprehension
Even with well-specified tasks, novice programmers often struggle
to develop a correct understanding of the problem before attempt-
ing to solve it. To address this, Craig et al. [9] and Denny et al.
[11] asked students to solve or create test cases before writing
code. They showed that this exercise can enhance their students’
comprehension of the task and reduce errors in the eventual code.
Similarly, the tools developed by Pechorina et al. [32] as well as
Wrenn and Krishnamurthi [52] provide metacognitive scaffolding
by encouraging students to write and solve test cases before writ-
ing code, which again leads to fewer errors in the resulting code.
Since the task in Probeable Problems is deliberately vague, asking
students to write test cases would force them to guess what the
expected behavior should be on certain test inputs. Since this can be
frustrating, Pawagi and Kumar propose providing students with an
oracle that reveals the expected behavior on any input specified by
the student [31]. They evaluated Probeable Problems in a two-hour
programming contest where the use of AI tools such as ChatGPT
and GitHub Copilot was permitted. However, they found that most
students were unable to explore the problem space well enough,
often failing to recognize the lack of crucial details such as tie-break
mechanisms. In this work, we investigate the probing behavior of
students in greater detail, in the context of a large introductory
programming course.

3 Methods
3.1 Course Context and Data Collection
To address our research questions, we collect data from a large
introductory programming course taught at the University of Auck-
land during the second half of 2024. A total of 1028 students were
enrolled in the course. To integrate Probeable Problems into the
curriculum, we selected three consecutive weekly lab sessions. Labs
in the course each contribute 1% towards a student’s final grade.
Although this is a relatively small amount of credit, due to the
competitive nature of the course it is typically sufficient to promote
a high level of participation.

Each of the three lab sessions featured one Probeable Problem
which was included alongside several traditional programming
exercises. We will refer to these problems as P7, P8, and P9, where
the numbers correspond to the respective week in the course. The
problem descriptions and default probes provided to students are
summarized in Table 1.

For delivery of the Probeable Problems, we utilized the CodeRun-
ner platform, an open-source auto-grading plugin for Moodle that
allows instructors to define problem statements, specify input-
output test cases, and include model solutions to validate test cases
during problem setup. To implement Probeable Problems, we lever-
aged CodeRunner’s ability to match expected outputs using regular
expressions, enabling a wildcard-based oracle system that could
return correct outputs for any student-submitted probe. Figure 1
illustrates how probes were entered and evaluated in the system.

Following standard course policies, incorrect code submissions
incurred a small grading penalty, increasing by 5% per unsuccessful
attempt. However, probes carried no penalties, allowing students
to submit as many as needed before writing code. Each Probeable
Problem consisted of two phases: first, students submitted probes

183



Unraveling Ambiguities ACE 2026, February 09–13, 2026, Melbourne, VIC, Australia

Table 1: The Probeable Problem statements, each with 16 interpretations, and the default probe provided to students. The
desired interpretation is indicated by choices in bold. Selecting any of the 15 other combinations of choices leads to incorrect
implementations. Default probes are carefully constructed so that they do not conflict with any incorrect interpretation.

Problem Statement Multiple interpretations (count) Default Probe

P7 Implement a function to
count the number of inte-
gers in an array of length
𝑛 between 𝑎 and 𝑏

Count unique or all. Assume 𝑎 ≤ 𝑏 or no.
Include endpoint 𝑎 or no. Include endpoint 𝑏
or no. (2 × 2 × 2 × 2 = 16)

CountBetween({1, 2, 3}, 3, 0, 5) → 3

P8 Implement a function to
search an array of length
𝑛 for the smallest even
value

Assume at least one even in input or no. As-
sume answer appears exactly once (in which
case: report value or index) or no (in which
case: report value (first or all) or index (first,
last, all ascending, or all descending)). (2 ×
(2 + 2 + 4) = 16)

SmallestEven({50, 25, 2, 30, 45}, 5) → 2

P9 Implement a function to
find the first vowel in a
string

Assume at least one vowel in input or no. As-
sume only lowercase vowels (in which case:
vowel or alphabetic order) orno (in which case:
Index, ASCII, or alphabetic order; preserve
input case or no). (2 × (2 + 3 × 2) = 16)

FirstVowel(“apple”) → ‘a’

to explore the problem’s behavior, and second, they implemented a
code solution based on their findings. The interface for entering and
checking code, along with an illustration of the test case feedback,
is shown in Figure 2. Students were encouraged (but not required)
to start with the probing phase, and were free to switch between
probing and coding phases as often as they wished.

As can be seen in Figure 1, to introduce these tasks to students,
we adopted the “Ask the Client” framing, inspired by the Pawagi
and Kumar paper [31]. Each problem began with a prompt encour-
aging students to clarify vague requirements before coding. The
instructions emphasized the fact that probes were penalty-free, and
thus should be used to identify missing details before attempting
to write and submit a code solution.

3.2 Definitions
A task specification that omits one or more details can be inter-
preted in multiple ways. For a Probeable Problem, we assume that
there is a finite set of interpretations that are reasonable in Schenei-
der’s sense [43]. The correct solution corresponds to one of these
interpretations, and the remaining interpretations yield 𝑁 ≥ 1
incorrect implementations. As shown in Table 1, each Probeable
Problem in this study has 𝑁 = 15 incorrect implementations.

An attempt to solve a Probeable Problem is a sequence of probe
and code submissions. Each probe is an input to the oracle, and
all incorrect implementations under consideration whose behavior
differs from the correct solution’s behavior (as revealed by the
oracle) should be discarded. We say that a probe is productive if
at least one of the remaining incorrect implementations can be
discarded. We have ensured that the default probes we provide (see
Table 1) are unproductive. Many student attempts began with this
default probe, and they occasionally included duplicate probes. To
focus our analysis on genuinely unproductive probes, we ignore
these two “trivial” types of unproductive probes from each attempt.

In our study, each code submission is tested against a fixed se-
quence 𝑇 of instructor-supplied test cases, and a code submission
is deemed correct if it passes all tests. By this definition, a student’s

Figure 1: Presentation of the probing interface within the
CodeRunner platform. Students can modify the inputs as
presented in the editing pane, and then view the expected
output by clicking the “Check” button.

incorrect code submission will fail some first test case in sequence
𝑇 , as illustrated in Figure 2. Since we reveal this failing test case,
this information may permit some incorrect implementations to be
discarded from further consideration. If so, we say that this failing
code submission is productive; otherwise it is unproductive.

At any point during an attempt, we can classify each of the 𝑁
incorrect implementations into one of three mutually exclusive
categories: discarded due to a probe, discarded due to a failing code
submission’s revealed test case, or remaining under consideration.
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Figure 2: Presentation of the programming interface within
the CodeRunner platform, a widely used automated assess-
ment tool. The code shown in the editing pane is the ver-
batim output from an LLM (GPT-4o) when provided with
the prompt: “Write a function in "C" called "SmallestEven" to
solve this problem: Implement a function to search an array
of length n for the smallest even value. SmallestEven({50, 25, 2,
30, 45}, 5) should print: 2”, which consists of all of the infor-
mation provided to a student. When the code fails, as it does
in this case, the first failing test case is shown to the student.

At the end of the attempt, if 𝑛𝑝 and 𝑛𝑐 are the number of incorrect
implementations discarded due to probes and code respectively,
we define the probe-thoroughness and the code-thoroughness of this
attempt as 𝑛𝑝

𝑁
and 𝑛𝑐

𝑁
respectively. The cumulative thoroughness is

the sum of these fractions. Note that all three types of thoroughness
lie in the closed interval [0, 1].

3.3 Thematic Analysis of Students Open
Responses

At the end of the semester, students had the opportunity to par-
ticipate in an optional survey about the strategies they used to
solve ‘Ask the Client’ questions. The optional survey resulted in a
moderate response (𝑛 = 102) with some questions left blank. The
following question was analyzed for the thematic analysis:

Howwould you describe your approach to tackling these
‘Ask the Client’ questions? If you were giving advice to
a new student who was solving these kinds of tasks for
the first time, what strategies would you suggest they
use in order to be successful?

The responses were qualitatively analyzed by a researcher on the
team. The researcher followed an iterative and inductive process
which was guided by best practices [8] starting with familiarization

and followed by open coding and developing the themes. Given the
exploratory nature of this analysis and the low sample size, the goal
was to provide rich insights to help contextualize our quantitative
findings. The themes and observations are therefore intended to be
suggestive, but not conclusive or generalizable.

4 Results
We logged a total of 2,900 student attempts (976 for P7, 967 for P2,
and 957 for P3). Almost 90% of these attempts culminated in code
that passed every instructor-supplied test (for P7: 903 attempts; for
P8: 820 attempts; for P9: 817 attempts). Less than 2% of student
attempts consisted of a single successful code submission. Since
these attempts contained no probes, they were likely dishonest
attempts and we discard them from our subsequent analysis.

4.1 Exploration Thoroughness (RQ1)
Our first research question asks: “How thoroughly are students
able to explore the input space of Probeable Problems?”. We de-
fined two measures of thoroughness in Section 3.2 – essentially
we are interested in understanding the extent to which probes or
test case feedback on failing code submissions were used to dis-
card the incorrect interpretations of each problem, and how many
such interpretations were discarded. In particular, given that probe
submissions are not penalized in the same way that code submis-
sions are, the metric of probe thoroughness (the proportion of all
incorrect interpretations discarded due to probes) is of particular
interest. We find that thoroughness improved as students gained
familiarity with Probeable Problems.

Figure 3 shows probe- and code-thoroughness of all attempts for
all the problems in our study. Recall that P7 was the first exposure
students had to Probeable Problems. Unsurprisingly, the average
thoroughness of student attempts for P7 was somewhat low: 68.3%
for probes and 86.2% in total. On subsequent labs, students were
able to improve both their probe thoroughness (83.8% for P8, 77.9%
for P9) and their cumulative thoroughness (96.6% for P8, 91.5%
for P9). With experience, students also became more effective at
discarding incorrect implementations before submitting their first
code submission as shown in Figure 4. For P7, 11 out of 15 incorrect
interpretations were not discovered before the first code submission
in over 50% of attempts. For subsequent problems, this number fell (4
out of 15 incorrect P8 implementations and 9 out of 15 incorrect P9
implementations), suggesting that experience helped some students
improve their ability to imagine alternative interpretations.

4.2 Exploration Efficiency (RQ2)
Our second research question asks: “How efficiently do students
explore the input space?”. On a given attempt (i.e., a sequence
of probe and code submissions), a probe or code submission is
considered productive if it reveals information that permits one or
more of the incorrect interpretations of the problem to be discarded.
In contrast, submitting a code or probe is unproductive if it does
not reveal any useful information. For any two attempts that are
equally thorough (i.e., they reveal the same proportion of incorrect
implementations), the one that involves fewer unproductive code
or probe submissions can be considered more efficient.
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Figure 3: Probe- and code-thoroughness of all attempts by
students for problems P7 (top), P8 (middle), and P9 (bottom).
In each sub-figure, attempts are ordered in increasing order
of cumulative thoroughness.

Figure 5 shows that the efficiency of student probing improved
as they gained familiarity with Probeable Problems, with a higher
proportion of attempts clustering near the upper-left corner of
each sub-plot. To achieve perfect probe thoroughness (1.0), several
students issued over 60 unproductive probes for problem P7. In
contrast, many students achieved perfect probe thoroughness for
problems P8 and P9 while issuing fewer than 40 unproductive
probes. The high number of unproductive probes issued by some
students might indicate maximizing tendencies (see the discussion
in Section 5.1). However, the large number of unproductive code
submissions by some students may indicate that they were “stuck
in a rut”.

4.3 Exploration Strategies
Our third research question asks: “What are the strategies that
students use to probe and when do they decide to start coding?”

The qualitative analysis investigates the responses students shared
in the open-response question about the strategies they used for
solving ‘Ask the Client’ questions. The analysis uncovered a few

prominent strategies, including emphasizing planning before writ-
ing code and attempts to disrupt their fixated interpretation of the
problem description.

4.3.1 Embracing Requirements Elicitation and Test-Driven Devel-
opment. Most of the participants emphasized the need to get the
requirements correct from the start rather than writing code and
iteratively uncovering them over time. Participants who focused on
getting the requirements right up front described brainstorming all
of the possible corner cases before writing the code. For example,
P30 wanted to deeply understand the task before writing any code:

“Spend as much time as possible asking the client for
outputs of all possible values and edge cases that they
can think of. This is important because eventually, they
will know exactly what the function needs to do in every
possible situation - which is extremely important for
writing the code correctly.” (P30)

This was a common sentiment from students that testing should
take priority over coding to ensure the understanding is correct.
For example, P70 described this need to focus on testing:

“I enjoyed the Ask the Client questions, but testing for
edge cases was incredibly hard due to their sneakiness.
My advice would be to just go insane on testing, and
not on actually writing the code.” (P70)

In fact, some students did issue an extraordinarily large number
of probes, despite the fact that most of these were unproductive
(Figure 5).

One student (P56) was so hesitant to submit their code that
they described running the code on their local machine to avoid
submitting it before it was completely correct. “...test for all edge
cases they can think of, create a function that creates the desired
outputs, and test it on your own machine *before* submitting it.”

This emphasis on testing before writing code is a best prac-
tice [23], but also not something that most computing students
tend to value [2, 6, 7]. Students often test their code later, and their
testing behavior varies widely from assignment to assignment [6].
Prior work has shown that this is not only a problem for first-
year students, but even graduating seniors lack testing skills [7].
Consequently, the emphasis students are placing on testing is en-
couraging and more work is needed to understand whether this
test-first approach transfers to their other programming activities.

4.3.2 Deliberately Disrupting Their Own Process. Students also
described the need to break out of their initial plan to explicitly
consider other ideas. Experts tend to have many strategies and
heuristics that help them to solve problems efficiently. These short-
cuts can help them reduce their cognitive load, but can also be a
source of design fixation [22]. Multiple participants in our study
described finding it necessary to ‘doubt’ their own reasoning and
‘think outside of the box’ to solve these problems. For example, P40
described the need to ‘disprove [their] current train of thought’ to
ensure that their interpretation of the problem did not overshadow
the requirements of the client:

“Think outside of the box when testing. Rather than
trying to prove your theory about how YOU THINK the
function SHOULD work, try and find all the ways that
you can disprove your current train of thought. Only
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Figure 4: For each Probeable Problem, we show the percentage of student attempts that are able to discard each of the 15 incorrect
implementations (numbered 1 to 15) before the first code submission. A low percentage suggests that the implementation is
difficult to discard whereas a high percentage suggests that it is easy to discard.

Figure 5: Probing efficiency of student attempts across problems P7 (left), P8 (middle), and P9 (right). For each problem, the
upper sub-plot shows the number of unproductive probes (𝑥-axis) against probe-thoroughness (𝑦-axis) whereas the lower
sub-plot shows the number of unproductive code submissions (𝑥-axis) against code-thoroughness (𝑦-axis). The size of each
circle is proportional to the fraction of student attempts that lie at its center. Ideal attempts are productive and thorough i.e.,
they lie near the upper-left of each sub-plot.

when you have exhausted all other feasible options, then
can you be sure that you have the right idea. Also try
and ensure to test all edge cases and inputs that a person
trying to break the function would test. Place in negative
numbers, empty strings, extremely long arrays, etc. to
see how the code functions.” (P40)

One student also talked about how the problem description could
be misleading and prime them to think about the problem in the
wrong way. Instead, they advocated for asking many clarifying
questions about the expected outputs:

“...take [the client’s] description of what they think they
want with little regard, instead ensure you have a good
idea of what they want by asking them about expected
outputs.” (P5)

These quotes are encouraging, as students appear to be adopting
a critical design perspective, in which they question assumptions,
clarify user needs, and remain open to new information. This pro-
cess of clarifying user needs rather than passively accepting design
requirements is a fundamental aspect of the design process. Em-
bracing these design aspects and appreciating users’ needs has been
a consistent challenge for CS educators [1, 18, 29, 33].

5 Discussion
5.1 Student Strategies in Probing
Our findings reveal a range of student behaviors when engaging
with Probeable Problems, which raise interesting questions about
strategy, efficiency, and support – each of which warrants further
discussion and points to directions for future work. Figure 5 shows
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that while issuing more probes tends to lead to more thorough ex-
ploration of the problem space, this is not always the case. Across all
problems, student attempts with high probe-thoroughness scores
often involved a large number of probes, but not all such attempts
were efficient. Many student attempts that were not thorough in-
volved 10 or more unproductive probes, suggesting that simply
encouraging students to probe more is not an effective strategy on
its own. Students may be issuing redundant probes or focusing too
narrowly on one part of the design space – a phenomenon known
as design fixation [22]. Design fixation occurs when individuals
become overly anchored to initial ideas or examples, and find it
hard to think about alternative possibilities [50].

In creative foraging theory [20], expert designers tend to explore
a design space broadly before exploiting local solutions. However,
novice designers may sometimes need help to make a ‘creative
leap’ [28] to other parts of the design space if they get stuck ex-
ploiting a local maximum without realizing it. Similarly, students
may need nudges to help avoid wheel spinning [4, 5] and break out
of probing unproductive parts of the design space. In our setting,
students may have developed early assumptions about how the
program should behave. Prior work on approaches for overcoming
design fixation could form the basis for hinting strategies in Probe-
able Problems, such as context shifting or analogical reasoning [47].
Siangliulue et al.’s ‘IdeaHound’ system also provides an interesting
model to support creative exploration at scale [46]. They propose
constructing a model of a collective solution space by clustering
ideas submitted by users during ideation tasks. A similar approach
could be applied to Probeable Problems, where we could globally
cluster all submitted probes and identify regions of the behavioral
space that represent distinct insights – even ones that do not fit
within the instructor-defined set of 𝑁 incorrect interpretations.
This would allow us to evaluate an individual’s probe set not only
in terms of breadth (how broadly did they probe?) and discovery
(did they find the test cases we intended?), but also in terms of
coverage (did they find the clusters others in the class found?).

There were many students who achieved a perfect thoroughness
score by issuing 60 probes or more. These students may reflect
maximizing tendencies [44], where they aim to explore every pos-
sible option rather than stopping once they have explored to a
satisfactory extent. While thorough, this approach may be cogni-
tively taxing for students and they might benefit from guidance to
improve their efficiency. This mirrors findings related to black-box
testing activities in software engineering education. For example,
Bai et al. found that most students were ineffective at discover-
ing known defects when testing, and one of their most common
challenges was deciding how much testing was enough [2]. Many
students defaulted to writing test cases that cover only expected
or “happy path” behavior, with little emphasis on edge cases or
fault discovery. On the one hand, this overlap suggests that probing
tasks might offer a useful, low-barrier entry point into fundamental
software engineering concepts like test design, fault detection, and
stopping criteria in black-box testing. However, future work should
explore techniques to help students monitor their probing process
and better evaluate when they are ready to stop. In particular, al-
though our current implementation of Probeable Problems does
not support this, it would clearly be possible to provide a hint to
students who attempt to repeatedly submit unproductive probes.

Probeable Problems are also closely related to the work ofWrenn
and Krishnamurthi, who proposed using executable input–output
examples as a way to assess students’ understanding of a program-
ming problem before they begin implementation [52]. In their Exam-
plar system, the thoroughness of a student’s test suite is evaluated
by checking it against a curated set of buggy implementations, in
order to provide early feedback on their understanding of the prob-
lem. Our definitions of probe- and code-thoroughness, which is
based on their notion of thoroughness, share a common weakness:
they rely on instructors to identify a representative set of incorrect
implementations. Prasad et al. have proposed classsourcing as one
way to address this weakness in the context of Examplar [34], and
a similar approach could be effective for Probeable Problems.

Probeable Problems share the goal of clarifying the problem
to be solved, but differs in that students only supply inputs, not
expected outputs. In this way, probing is more similar to the process
of asking a clarifying question of a client or user to determine what
the program should do. This distinction reinforces the framing
of probing as a method of requirements elicitation rather than
verification.

5.2 Implications for Teaching
Requirement elicitation – the skill of clarifying specifications – is
typically taught in upper-level software design courses. However,
the increasing ability of LLMs to solve well-specified programming
tasks suggests that CS1 curricula could benefit from integrating
these skills earlier. Probeable Problems offer a low-cost, scalable
way to introduce some basic aspects of this skill without requiring
major changes to existing grading infrastructure.

One promising area for future research is whether early exposure
to Probeable Problems helps students develop better debugging
and testing strategies in later courses. Since debugging inherently
requires recognizing gaps in one’s understanding of a program, the
ability to systematically probe ambiguities may transfer well to
debugging practices. Additionally, further studies could investigate
whether students who engage deeply with probing exhibit better
long-term retention of fundamental programming concepts.

In this work, the problems were presented using the CodeRunner
automated assessment platform. On the one hand, there are benefits
in being able to make use of existing course software to support
these new kinds of problems. On the other hand, there are limita-
tions based on the way the platform can be configured. A custom
platform that provides more fine-grained control for configuring
the problems and the feedback could be useful. As an example, one
area where a custom tool could support further exploration involves
grading incentives. While the current implementation allows un-
limited probes without penalty, future iterations could experiment
with:

• threshold-based systems (requiring students to submit a min-
imum number of clarifying probes, potentially that reveal a
minimum number of ambiguities, before coding).

• penalties for redundant or trivial probes, encouraging more
strategic questioning.

• feedback systems that track probe diversity, helping students
recognize when they are overly fixated on a single aspect of
the problem.
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5.3 Design Implications
Programming at the introductory level is often perceived as a rule-
based, convergent discipline, where the goal is to find a single
correct solution. However, real-world programming requires signif-
icant divergent thinking, particularly when faced with ambiguous
requirements. In this study, we observed that students who per-
formed best on Probeable Problems were those who explored the
problem space broadly before committing to a solution. This aligns
with theories of design thinking and cognitive flexibility, which sug-
gest that experts in ill-structured domains tend to reframe problems
multiple times before converging on an answer.

Theories of creative problem-solving emphasize the importance
of flexibility in shifting between exploratory (divergent) and refin-
ing (convergent) modes of thinking [49], which is rarely mentioned
in computing education contexts [40]. Some students in our study
appeared to struggle with this balance, either over-exploring the
ambiguity space (generating too many probes without consolidat-
ing findings) or under-exploring (skipping probes and relying on
incorrect code submissions to reveal missing constraints). This
behavior parallels the fixation effect in design studies [22], where
individuals become trapped in a narrow interpretation of a problem,
failing to consider alternative possibilities.

Future work could consider how to model these local fixations
on related probes. The work of Noy et al. [28] on creative leaps
and Hart et al. on creative foraging [20] both help conceptualize
the theoretical foundations of the student behavior observed in our
study. What causes a student who is stuck in one semantic group of
probes to suddenly take a creative leap to another different group of
probes? This could be a useful step in detecting wheel spinning and
nudging students to different parts of the problem space. Siangliu-
lue et al. provide a practical model for semantic mapping between
related groups/ideas that could be useful in clustering probe sim-
ilarity and measuring the extent to which all clusters have been
hit [46]. Encouraging students to adopt a design-thinking mindset –
where ambiguity is seen as a natural part of problem-solving rather
than an obstacle – could enhance their ability to handle incomplete
specifications and make a creative leap. Therefore, future work
could also explore explicit instructional and user interface scaffold-
ing that teaches students when to diverge and when to converge
while probing, ensuring they develop both creativity and precision
in problem formulation.

5.4 Metacognition
One of the most striking aspects of Probeable Problems is how
they engage students in metacognitive reflection – the process
of thinking about one’s own thinking. Prior work suggests that
metacognition plays a critical role in programming success [25, 35],
as students must monitor their understanding, recognize gaps in
their knowledge, and adjust their problem-solving approach accord-
ingly. However, novice programmers often struggle with metacog-
nitive regulation, leading to issues such as misinterpreting problem
requirements, failing to evaluate their own errors, or persisting in
ineffective strategies [37].

Probeable Problems provide a natural mechanism for scaffold-
ing metacognition by forcing students to explicitly consider what

is missing from a problem before attempting to solve it. In con-
trast to traditional assignments, where students often rush into
coding, these problems encourage deliberate questioning, bound-
ary exploration, and iterative refinement – key metacognitive be-
haviors. The process of formulating probes mirrors metacognitive
self-questioning strategies [51], which have been shown to im-
prove learning outcomes in computing education. Even without
direct measurement, student reflections on their probing strategies
suggest an increased awareness of problem constraints and edge
cases, reinforcing the idea that structured ambiguity can promote
metacognitive growth.

Furthermore, self-regulated learning (SRL) theory [54] provides
a useful lens through which to view students’ interactions with
Probeable Problems. Effective self-regulators tend to plan their
approach, strategically test hypotheses, and adjust their methods
when encountering difficulties – all behaviors that align with the
probing process. However, less effective self-regulators may strug-
gle to recognize when they have gathered enough information to
transition from probing to coding, leading to unproductive behav-
iors such as “wheel spinning” – repeatedly issuing probes without
meaningful progress. Future work could explore interventions that
help students regulate their probing strategies, such as feedback
systems that identify when they are stuck in local maxima and
prompt them to broaden their exploration.

Recent work by Prather et al. reported that students using gener-
ative AI can become distracted or misled by it, struggling through
multiple metacognitive difficulties [38]. The kind of metacognitive
scaffolding described above that Probeable Problems offers could
be one part of a solution. For students using generative AI, probing
first could help students better grasp the problem, edge cases, and
viable approaches to the solution. Prather et al. also recommended
students be taught generative AI via negative expertise, which is
being taught what to do as much as what not to do. Probeable Prob-
lems allow students to explore the space in such a way that they
learn which tests are helpful as well as unnecessary or redundant,
leaning into this recommendation to support negative expertise.

5.5 Limitations
While our work sheds light on student approaches to solving Probe-
able Problems in an introductory programming context, there are
several limitations to acknowledge when interpreting our results.

While it was possible to configure the CodeRunner platform to
deploy the Probeable Problems at scale, CodeRunner is a generic
automated assessment tool for programming tasks and does not
necessarily present an ideal interface for these tasks. For instance,
students could not view a history of all of their previously sub-
mitted probes. A purpose-built interface for Probeable Problems
could support richer forms of feedback, exploration tracking, and
visualization to better support student reasoning.

Another limitation of this work is that we explored only three
Probeable Problems. While these problems were carefully designed
to capture a range of ambiguity types, they represent a tiny frac-
tion of the possible design space. Additional studies involving a
broader variety of tasks and ambiguity dimensions would help vali-
date our findings, as would replication across diverse contexts and
institutions.
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6 Conclusions
In this work, we examined how students approach Probeable Prob-
lems by analyzing the thoroughness and efficiency of their attempts,
as well as the strategies students use to decide when to probe
and when to code. This is the first study to analyze the content
of student-generated probes to evaluate how effectively they dis-
card incorrect interpretations of a Probeable Problem. Probeable
Problems deliberately present ambiguous programming tasks that
require learners to generate clarifying probes to uncover desired
behavior and edge cases before submitting a code solution. Our
quantitative analysis revealed that after an initial exposure to Probe-
able Problems, many students were able improve their probing
behavior in terms of both thoroughness and efficiency, despite
the limitations of the programming environment and feedback.
Our qualitative analysis revealed two key themes in students’ ap-
proaches. First, many students embraced test-driven development,
choosing to deeply explore edge cases before writing any code. Sec-
ond, students described deliberately disrupting their own reasoning
to challenge assumptions and explore alternative interpretations –
demonstrating a form of cognitive flexibility aligned with expert
design thinking. These insights suggest that Probeable Problems
not only offer a novel pedagogical response to AI-driven changes in
computing education, but also serve as a valuable tool for fostering
metacognitive awareness and critical problem-solving skills.
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