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Abstract

Assessing what students know and what work they have done is in-
creasingly challenging in the age of large language models (LLMs)
like ChatGPT. At the same time, as class sizes have grown, the
CS learning experience has become increasingly depersonalized.
Dialogue-based assessments can simultaneously address both of
these challenges; but although the benefits of dialogue-based as-
sessments are well-documented, adopting these approaches is often
too challenging in lower-division CS courses with hundreds of stu-
dents. Thus, we sought to develop a dialogue-based intervention
that augments existing course assessment structure, accounts for
potential student LLM usage, scales to common CS class sizes, and
benefits student learning via student-centered design principles.
We report our experience implementing "Personalized Exam Prep”
(PEP) in two offerings of a 300-student, second-year CS-core course
at a North American research-intensive university. PEP consists of
one-on-one, TA-guided, problem-solving dialogues, optimized to
give students personalized feedback before an upcoming written
exam. We describe the logistics of applying this intervention at
scale, made possible by custom tooling. We then outline outcomes:
positive student feedback, metacognitive impacts, how well PEP-
measured performance predicts written exam scores, and the value
of PEP as a course-diagnostic for instructors. Finally, we offer in-
sights that may be valuable for large-course instructors updating
their assessment structures in a post-LLM world.
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1 INTRODUCTION

In the era of large language models (LLMs), assessment in higher
education, and particularly in CS, is evolving [1, 15, 25]. Students
can access LLMs capable of correctly solving a majority of lower-
division CS course homework problems [9-11, 30, 40], and sur-
veys suggest that student use of LLMs on assignments may be a
widespread issue [2, 26, 34, 35, 39]. This problem isn’t unique to
homework; all unproctored assessments, including online exams,
are similarly vulnerable [32, 36]. As excessive student LLM usage
on assessments is speculated to impact both learning outcomes
and grade distributions, there is a pressing need for instructors to
re-evaluate assessment structures and re-align learning goals to
better fit our modern Al-integrated reality [6, 8, 15, 25, 26, 35].
Simultaneously, CS course enrollments have been record-high
for the past decade [4], creating challenges for instructors in main-
taining engagement, providing individualized feedback to students,
and applying student-centered pedagogical practices such as active
learning [3, 7, 17-19, 27, 37]. LLMs exacerbate these challenges, as
consulting LLMs can be more convenient for students than asking
course staff for help in large classes [18, 39]. This behavior perpet-
uates student isolation and worsens learning outcomes, as long as
LLMs are suboptimal teachers [5, 7]; every would-be interaction
with course staff replaced by an LLM is also a lost opportunity for
course staff to maintain an accurate pulse on student progress and
course-correct as needed [18] - so the loss of human connection
goes both ways. Critically, many recommendations for adapting
courses to account for LLMs don’t scale easily to large class sizes
[20]. Thus, how to make assessment structures more LLM-aware
in a way that scales to common CS class sizes is an open question.
Here, we report our experience designing and deploying an inter-
vention to answer this question, which we call "Personalized Exam
Prep" or "PEP". To students, PEP is a full-credit-for-participating,
no-stakes conversation with a TA that provides students with per-
sonalized advice on how to study for an upcoming written exam. To
instructors, PEP is a massively parallelized, scalable dialogue-based
assessment framework that captures a high-resolution, inherently
LLM-free snapshot of learning progress across all students. PEP...

o Bridges the gap between low-stakes, LLM-unregulated home-
work assignments and high-stakes, no-LLM written exams,
without overhauling pre-existing assessment structures

e Combines active learning with prompt, individualized feed-
back and face-to-face interaction with course staff

o Reflects learning goals revised to focus on students’ ability
to discuss their work and problem-solving process — skills
particularly relevant in a post-LLM world

o Scales feasibly to classes with 300+ students and TA-student
ratios as high as 1:24
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The contributions of this report are: 1) a reproducible guide to
implementing PEP, our design choices, and logistical considerations;
2) a summary of student reactions to PEP and evidence supporting
PEP as a meaningful student self-diagnostic; 3) the story of how
PEP inadvertently became a course diagnostic for instructors; 4)
post-PEP reflections; and 5) shared tooling to enable others to adapt
PEP to their courses (github.com/chrispiech/pep).

2 RELATED WORK

Extensive prior literature has outlined recommendations for in-
structors re-structuring courses to counteract potential impacts
of unregulated student LLM usage. Although one option is more
in-person written exams, there are drawbacks — Prather et al. note
that increasing exam grade weight can increase student anxiety
[25], and even proctored exams are not wholly cheat-proof [16].

Instead, much of the discussion focuses on more "authentic"
assessments. Pudasaini et al. [26], Sullivan et al. [35], and Cotton
et al. [6] summarize a theme of encouraging assessment re-design
to better promote student "reflection" as well as "critical thinking,
problem-solving, and communication skills." Several authors re-
envision learning goals more aware of how LLM proliferation will
affect CS students post-graduation. For example, Lau & Guo [15]
and Daun & Brigs [8] suggest that learning goals should reflect
the new skillsets software engineers will need in post-ChatGPT
workplaces: deeper understanding, problem-solving abilities, and
proficiency in discussion and explanation of process. Both Prather
et al. and Lau & Guo [15] mention oral exams as potential solutions.
Gharibyan [12] outlines additional potential benefits of oral exams
over written assessments, including the inherently humanizing
and personalized nature of face-to-face interaction, the ability for
both students and evaluators to ask clarifying questions, and more
authentic or deeper measurement of what the student has learned.

Initial adoptions of dialogue-based assessments in CS courses
have reported diverse positive outcomes [22]. Ohmann [21] pro-
vided foundational evidence that oral exams can compare in diffi-
culty to written exams in CS, with greater instructor-perceived ac-
curacy and positive student reactions. Several studies have demon-
strated that oral interviews improve student accountability and,
through direct student-teacher interaction, can give students both
more detailed feedback and an improved sense of belonging [24,
28, 33]. Sabin et al.’s [29] experience conducting virtual oral exams
during the pandemic highlighted how real-time oral assessment is
inherently LLM-proof. From these sources, two additional themes
emerge: first, dialogue-based assessments better align with learning
goals focused on real-world skills than written exams. And second,
the main impediment to adopting these approaches in CS is large
class sizes. SIGCSE 2023’s Birds of a Feather session on oral ex-
ams [23] illustrates the degree of communal interest in addressing
challenges and refining best practices for these assessments.

Our contribution effectively synthesizes the recommendations
and reports above into a single intervention, while simultaneously
addressing scaling concerns. As a one-on-one dialogue-based as-
sessment where students practice explaining their problem-solving
approaches, PEP is both an LLM-free, authentic active learning expe-
rience and a realignment of learning goals towards real-world skills.
PEP builds on previous work as the first dialogue-based assessment
that is both ungraded and positioned specifically in the context of
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an upcoming written exam, providing PEP with unique benefits.
PEP’s novelty is further supported by the custom infrastructure we
developed, which was critical to scaling to 300+ students.

3 DESIGN

The main PEP experience is a 15-minute one-on-one problem-
solving conversation between each student and a TA one week
prior to each of the course’s two exams. In their PEP session, each
student attempts 3-to-4 practice problems calibrated to resemble
exam problems with diverse topic coverage. The TA guides the
meeting according to a standardized (scripted) flow and provides
support if the student gets stuck; simultaneously, they discreetly
record a numeric score for how well the student solves each prob-
lem. Immediately after the session, the student gets access to a
"personalized study plan" that includes a thorough collection of
study tips and course topics to review, annotated with recommen-
dations based on the TA’s recorded scores.

3.1 The PEP Problem Set

PEP problems were written in the same style and format as the
class exams. Cognizant of the short meeting time, we minimized
problem word count so that students could focus more on solving
the problems than digesting wording. Problems were identical for
all students and ordered easy-to-hard and chronologically by lecture
coverage, to hopefully prevent students from getting stuck early and
not having time to attempt every problem. The final problem, which
involved recently covered content, was intended to communicate
the expectation that students be up-to-date with lectures.

PEP problem 1 or 2 was always a "homework duplicate”, copied
from a recent or current assignment. Students could choose to refer
to their submitted work when solving this problem in PEP. This
problem in particular aimed to assess students’ ability to explain
their own work and problem-solving process.

For in-person PEP sessions, students received a printed handout
of problems at the start (problems were not distributed in advance).
Each problem had sufficient scratch space below for students to
use if desired, though the TA emphasized that PEP is meant to be
conversational, so written or numeric answers are not the goal. For
virtual PEP meetings (for remote/ill students), the handout PDF
was emailed to students before the meeting start.

3.2 Personalized Study Plans

After their PEP session, students could access a webpage resource
with 1) an encouraging message from their PEP TA; 2) a list of course
topics with accompanying advice on what to prioritize studying
(Figure 1); and 3) a collection of general "Study To-Dos / Pro Tips".
The course topic study recommendations were populated program-
matically based on TA-recorded scores of student proficiency in
the session, where each possible TA score from 1 to 5 maps to a
different descriptive recommendation text. The general list of study
tips was the same for all students, as unevenly sharing high-level
advice seemed unfair. These tips included practical study strategies
(e.g. "do at least two practice exams and time yourself”) to reduce
"hidden curriculum" inequities [13, 31], as well as affective sup-
portive messaging ("be kind to yourself while studying”) to provide
further at-scale asynchronous support to students with diverse
metacognitive and stress-regulating abilities.
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4 SCALING UP: LOGISTICS & TOOLING
4.1 Scheduling 300 Meetings

PEP was implemented in a second-year CS course with 330 students
enrolled in Fall 2024 and 289 students in Winter 2025. In order to
schedule one PEP session for every student, it was essential to
have a tool that enabled students to self-schedule. We developed
an online sign-up system that was first-come, first-serve and let
students freely reschedule their PEP session as much as needed.

To start, we gathered TA availability — with a TA-to-student ratio
of approximately 1:24, this meant each TA chose 24 timeslots over a
2-to-3-day window (with day 3 slots being reserved for late student
sign-ups; see Section 6.3). For the first PEP trial-run, sessions were
10 minutes each, for 4 hours of total time commitment per TA;
switching to 15-minute meetings in later iterations extended this to
6 hours. The tool then uploads all TA timeslots online to populate a
drop-down list on a student sign-up webpage. Once a student signs
up by selecting a timeslot, the system reserves the timeslot for them.
A button allows students to un-reserve the slot and select another
as needed. To mitigate potential biases in students’ preferences for
TAs, TA names are hidden before sign-up and only become visible
to signed-up students one day before the session.

Most PEP sessions were in-person to enable face-to-face interac-
tion and prevent student internet use during the session. Because
the course had a few remote students, and in anticipation of ill-
nesses, we also made < 10% of available slots virtual over Zoom.

1. Content Highlights

] Pr ility Core is y

Looking good. You look solid here! We didn't touch on everything from Core Probability in
the warmup (eg Bayes or Law of Total Probability) so make sure you know those too.

Your main foundation in this class is the material from lecture 4 and 5: Independence, Mutual
Exclusion, Bayes, Law of Total Probability etc. You need to know this material inside and out. If
you don't, you will have a lot of trouble with the rest of the midterm content.

() Random Variables are central.

Getting there. The Binomial looked solid! Gaussian approximation is one of the many
"extras" to know. Make sure to review the broader set of tasks related to random variables:
Expectation, Variance, using a CDF vs PDF etc.

Random Variables tightly build off core probability and often are a great place to practice
digesting word problems. Once you get the hang of them, you will notice there are a lot of
similarities between these types of problem. Mastering problems with random variables is
incredibly high bang for your buck.

Figure 1: Part of an example personalized study plan, show-
ing recommendations by course topic. The boxed text is set
by TA-recorded scores from the student’s PEP session.

4.2 TA Script-and-Scoring Interface

The PEP infrastructure also supports TAs during PEP sessions.
Each session, the TAs must 1) introduce the student to PEP and
walk them through problems in a standardized manner, following
a recommended breakdown of minutes spent per problem; 2) pull
up the student’s submitted work for the "homework duplicate"
problem; 3) record how well the student does on each problem;
and 4) quickly switch between students for back-to-back sessions.
Given the tight time constraint, it was crucial that the TA UI was
as streamlined and easy-to-use as possible.

The TA interface consists of a homepage table of all times-
lots/students and a page for each student. TAs would begin by navi-
gating from the homepage to the page for their first session/student.
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This view contains everything a TA needs for a PEP session in an
integrated script-and-scoring-system (Figure 2).

Warmup (2 min)
m Let's start with a problem. Here's a pencil and paper; walk me through how you

would solve this problem

Important | want you to talk out loud as you are solving the problem! If you don't know a
formula, that is fine, just tell me the one you are thinking of.

What is the probability that this function returns True

def warmup

coin_1 = coin_flip(0.6 # returns 'Heads' with prob 0.6
coin_2 = coin_flip(0.4 # returns 'Heads' with prob 0.4
return coin_1l == 'Heads' or coin_2 == "Heads'

GHO0000

Figure 2: Excerpt from the TA script-and-scoring interface.
Here, the 3rd button from right is discreetly selected, repre-
senting a score of 3/5; "S" indicates "skipped problem".

The script component is a concise, word-for-word guide of what
the TA should tell the student, from key information like "you
are not graded on how well you answer questions” to tone-setting
language like "This [problem] is meant to be hard. Give it your best,
but don’t worry if you find it difficult right now." At the point in the
script when the student would attempt each problem, the TA selects
from a row of subtle radio buttons to record a score. Score options
ranged from 1 to 5, but the TA can also input that the student
skipped a problem (usually when they ran out of time). After some
practice, TAs knew the script well enough to only rarely glance at
their devices and could enter scores quickly and discreetly. Having
TAs enter scores during sessions was important, as it meant TAs
had zero additional workload from PEP outside of leading sessions.

As TAs engaged conversationally with the student for most of
the session, their screen mostly faced away from the student. The
exception was for the homework duplicate problem, when the TA
would switch their view to "student work only mode" and turn
their screen towards the student to let them review their previously
submitted work. To display this submitted homework, the tool
pulled from our homework app database. Because TAs could toggle
their view to only show the student’s work, most students never
saw any other component of the TA interface. Finally, on each
student’s page was a button to switch to the correct page for the
TA’s next session, enabling rapid transitions between students.

4.3 TA Training

Since each student only meets with one TA, TAs can "make or
break" PEP experiences. Thus, we aimed to standardize PEP across
TAs as much as possible, in line with previous recommendations
[21]. The TA interface script streamlined training TAs to stay con-
sistent in time spent per problem, language for managing student
expectations, etc. Instructors also communicated PEP "dos" and
"don’ts" — for example, "do provide formulas from class if students
ask for them" and "don’t over-affirm students so much that they decide
not to study for the upcoming exam". TAs communicated in real-time
during PEP using Slack to keep consistent with one another, and
as they became more experienced at PEP, best practices evolved.
Continuing discussions focused on strategies to handle extreme
cases, such as how to go off-script and support students too behind
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in the class to attempt any PEP problems, and what a rubric for
the numeric scores might look like (future iterations of PEP could
benefit from explicit rubrics for TAs).

5 OUTCOMES

5.1 Student Reactions to PEP

Positive quantitative feedback. Students were asked rate their PEP
experience while viewing their personalized study plan. Specifically,
they responded to the question "How did we do during your [mid/end-
quarter] PEP? This will not be shared with your TA." using a 5-option
scale from Poor to Amazing (Figure 3). For the first PEP trial-run
(Fall 2024 mid-quarter), 78% of respondents chose Great or Amazing;
for Fall 2024 end-quarter PEP, when we switched to 15-minute
sessions, this proportion increased to 88%, and for both iterations
in Winter 2025 it stabilized at 92%. Response rates were relatively
low (25-31% across all PEPs), and given the question phrasing, these
ratings may capture students’ impression of their interactions with
the TA moreso than approval of PEP overall. Nevertheless, these
ratings suggest broadly positive student experiences with PEP.

EEE Fall 2024 Mid-Quarter

EEN Fall 2024 End-Quarter

EEm Winter 2025 Mid-Quarter
Winter 2025 End-Quarter

o
o

Fraction of Responses
[=} [=}
N iS

o
S

Poor Fair Good Great
Student Rating of PEP Session

Amazing

Figure 3: Post-session student responses to the question "How
did we do during your PEP?" across four iterations of PEP.

Qualitative feedback: PEP was helpful. We also collected open-
ended student feedback on PEP through weekly high-resolution
[14] and end-of-quarter anonymous surveys. This feedback most
commonly described PEP as "helpful”. Students called PEP "engag-
ing" and "interpersonal” and generally expressed positive sentiment
(e.g. "Treally enjoyed the PEP"). One student specifically character-
ized PEP as more helpful feedback than discussion sections ("[in
sections,] you don’t really get that personalized attention"); another
praised PEP purely from the angle of exam preparation: "PEP is
probably the best strategy to make sure that all students are ready
for exams". Feedback also included several requests for longer and
more PEP sessions in the future. Thus, qualitative feedback also
supported PEP as a broadly effective and engaging learning experi-
ence, in alignment with previously reported systematic evaluation
of the benefits of oral exams in CS courses [22].

Other qualitative feedback: TA preferences, too-short sessions. A
recurring neutral comment was students wishing to choose their
PEP TA (usually, they wanted their discussion section TA). The
most common negative feedback was that sessions were too short:
students felt rushed or ran out of time to ask all of their questions.
This last point is notable because students also have the option
of asking TAs questions at office hours and through an online
discussion forum. These students may have seen PEP as a unique
opportunity to interact with course staff more interpersonally than
through other channels and ask questions they would not have
asked otherwise. Finally, one student noted a negative experience
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where the TA incorrectly rejected their alternative approach to a
problem, underscoring the importance of careful TA training for
optimizing PEP outcomes.

5.2 Student Performance in PEP

Below, we summarize trends from TA reports on how PEP went,
which were collected through informal Slack communications, in-
dividual in-person conversations, and team-wide discussions.

TA impressions: high student variability. After the first PEP trial-
run, TAs expressed significant surprise at the high variability in
proficiency, speed, and expressiveness witnessed across students.
Some students trivially solved all problems in half the meeting time,
while others struggled to complete the first (easiest) problem within
the time. Even among students who solved problems correctly, stu-
dents varied notably in how well they could articulate explanations
of their approach. TAs were trained to simply ask "but why?" after
students stated an answer without sufficient justification. Surpris-
ingly often, this resulted in the student saying "I don’t know" or
exposing a misconception, highlighting the effectiveness of PEP’s
dialogue-based format.

Students also varied in their preferred PEP modality. Some em-
braced the conversational nature of PEP and wrote nothing down,
while others preferred working through a problem on a whiteboard
to "teach the TA," and others insisted on independently writing out
every solution step through to a final numeric answer before talking
to the TA. Following prior work’s recommendation of maximum
flexibility [21], we accepted all student preferences here as long as
students orally explained their approach at some point.

The homework duplicate problem. An issue specific to the first
trial-run was that PEP revealed a much higher than expected propor-
tion of students who were completing assignments so last-minute
that they had not seen the "homework duplicate" problem before
PEP. We discuss this outcome further in Section 5.5. Another unan-
ticipated pattern was that across all PEP iterations, a large majority
of students strongly preferred to not view their previously submit-
ted work and instead chose to re-solve this problem from scratch.
Reasons given varied, but generally, students felt starting over and
explaining as they went was more intuitive. Widespread student
resistance to explaining their own past work complicated the po-
tential for this PEP problem to catch LLM use on homework. In
addition, TAs reported that if a student struggled on the homework
duplicate, they usually struggled across the board — and there are
many non-LLM explanations for why a student would be struggling
overall. Thus, a low PEP score by itself is not concrete evidence of
LLM usage. Instead, PEP scores capture student progress towards
the learning goal that they should be able to fluently explain their
work, regardless of how they produced that work.

5.3 PEP as a Student Self-Diagnostic

The choice to not warn students in advance that PEP sessions were
problem-solving assessments gave TAs the opportunity to witness
student reactions live, and students commonly reacted by candidly
expressing a prediction of how well they would do. Multiple TAs
commented that student’s apparent confidence levels were poorly
calibrated with actual performance. Below, we outline rough trends
in how students’ apparent confidence related to reception of feed-
back (self-perceived proficiency at problem-solving) in PEP.
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Under-confident students. For students who performed better
solving PEP problems than they expected to, TAs described that
a common effect of PEP was to "de-stress.” Some under-confident
students would start PEP vocalizing sweeping, generalized con-
cerns about their overall learning progress, but as they worked
through problems, this evolved into a more focused self-awareness
of specific knowledge gaps, based which PEP problem(s) they found
hard. The most drastic cases were students who started PEP express-
ing complete defeatist un-confidence about the upcoming written
exam (e.g. "I'm cooked [slang meaning doomed]"), but by making
some progress on problems and having a few misconceptions live-
corrected by the TA, they found reassurance in knowing more than
they thought they did and quickly improving from feedback.

Over-confident students. TAs reported that over-confident stu-
dents were either apparently unresponsive or over-responsive to
feedback from PEP. Unresponsive students justified disregarding
PEP feedback by reasoning that the exam was still a full week away,
suggesting that PEP’s effectiveness as a diagnostic depends on its
proximity to high-stakes assessments. On the other hand, overly re-
sponsive students appeared hyper-aware of any difficulties encoun-
tered while solving problems, verbalizing negative judgmental self-
commentary (e.g. "wow I'm doing badly" or "this is embarrassing").
A major advantage of PEP was that TAs could support students
in those moments. When TAs noticed students over-internalizing
negative feedback, they could deviate from the script to give a "PEP
pep talk”" This might look like affective support or re-framing nega-
tive feedback as opportunity for course-correction: "These problems
are meant to help you notice knowledge gaps. Getting this feedback
now is good, since you have a whole week before the exam to practice.”

Q1: Core Probability (Easy) Q2: Homework Duplicate (Med.)
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Figure 4: TA-scored student PEP performance per-problem
vs. follow-up written exam scores, mid-quarter Winter 2025.

5.4 PEP Scores Predict Written Exam Scores

To support PEP as a diagnostic predictive of written exam per-
formance, we assessed how well TA-recorded student PEP scores
correlated with scores on the follow-up written exam (Figure 4).
Focusing first on Winter 2025 mid-quarter PEP and the subsequent
exam: PEP scores across four problems consistently correlated posi-
tively with exam scores (r = 0.39—0.47, or 0.39 — 0.5 when skipping
a problem is coded as 0). These correlations were stable across prob-
lem difficulty and the number of students who skipped a problem,
and they were notably higher than the correlation between written
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exam scores and the average score across problem sets (r = 0.31),
likely because the median problem set average was high (98.7%).

Fall 2024 mid-quarter correlations varied more (r = 0.23 — 0.48,
or r = 0.31—0.48 when skip = 0), with Q3 and Q4 suffering from the
shorter PEP session time and extent of student behindness in the
course (see Section 5.5). For end-quarter PEP and final exams, PEP-
exam correlations were r = 0.19, 0.49, and 0.31 for Q1-3, respectively
in Fall 2024 and r = 0.3, 0.44, 0.43 in Winter 2025. (60% of end-
quarter Fall 2024’s Q1 scores were 5/5, which led us to swap Q1
for a new problem in Winter.) These trends suggest that when PEP
sessions are long enough and PEP problems are not too simple, PEP
scores consistently capture meaningful diagnostic signals for both
mid-quarter and end-quarter exam outcomes.

Notably, individual datapoints describe several students who
performed poorly on PEP but very well on the exam. This could
be due to strong responses to PEP feedback, stark preferences for
written vs. oral assessments, or an issue with some exam scores.

Q1: Core Probability (Easy) Q2: Homework Duplicate (Med.)
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Figure 5: Distribution of student scores for mid-quarter PEP,
Fall 2024 (trial-run) vs. Winter 2025 (after course changes).

5.5 PEP as a Course Diagnostic

As mentioned in Section 5.2, PEP captured a snapshot of more
highly variable student proficiency than anticipated. In particular,
the first trial-run’s scores were unexpectedly dominated by how
far behind in the class students were. One TA estimated that 40%
of students they met in PEP were too behind to attempt past the
first PEP problem, and performance on the "homework duplicate”
depended heavily on students starting the assignment. TA surprise
at these trends was notable because all PEP TAs also led discussion
sections and hosted office hours; thus, the signals TAs noticed in
PEP were being missed in other student-TA interactions.

This finding led instructors to reflect on course pacing, make
changes, and measure the effectiveness of those changes through
PEP scores the next quarter (Figure 5). In our data, this comparison
is imperfect, as after the first trial-run we made sessions 5 minutes
longer and replaced Q4 with a new problem on the same topic
which may not be equal difficulty. Nevertheless, from Fall 2024 to
Winter 2025, the fraction of students who skipped Q2, Q3, or Q4
(typically students who struggled on Q1-Q2) in mid-quarter PEP
more than halved. Scores on Q4 particularly improved, from 2.64
to 3.39; with skips coded as 0, they almost doubled from 1.38 to 2.6.

Thus, PEP was uniquely valuable as a high-resolution measure-
ment of learning goal progress. Where to target course adjustments
was guided by TA’s rich descriptions of PEP observations, which
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were more informative than other observable data for diagnosing
the root issue. Unlike homework grades, PEP scores also have the
benefit of being free of LLM usage bias; and unlike high-stakes
exams, the fact that PEP is ungraded allows reuse of the same prob-
lems across course iterations, so scores can be directly compared
between quarters to quantify impacts of course adjustments.

6 REFLECTIONS

6.1 To Grade or Not to Grade?

We initially implemented PEP in Fall 2024 as an optional extra-credit
opportunity. In Winter 2025, PEP became mandatory, but students
earned full credit purely for attending the session. Course staff
discussed whether PEP scores should factor into students’ grades,
but the consensus among TAs was that keeping PEP ungraded was
necessary to maintain positive student engagement, candidness,
and receptiveness to feedback and reduce student stress.

We speculate that the unique positive outcomes of PEP depend
on both its ungraded nature and the framing of PEP as exam prepa-
ration. PEP’s temporal proximity to a written exam, along with
messaging that positioned PEP as the ideal exam study support,
encouraged student buy-in, especially from more grade-motivated
strategic learners. In contrast to other student-TA interactions (i.e.
office hours), which are often homework-focused, PEP’s associa-
tion with a summative assessment led to higher-level conversations
about overall student progress in the course. Exam study support
is also a student-TA interaction space where TAs feel the most "on
your side" to students, which may have contributed to positive
student experiences. Thus, a major takeaway is the effectiveness
of sparse, ungraded, TA-in-the-loop active learning experiences as
synergistic precursors to graded higher-stakes assessments.

Messaging to students. To avoid increasing student stress, we
intentionally kept messaging about PEP simple. Students were not
told in advance that they would be asked to solve problems in
PEP, and when students asked, we told them they did not need to
prepare for PEP. Despite the no-stakes premise, some students still
reported feeling stressed after performing unexpectedly poorly in
PEP. Alongside grading considerations, future iterations of PEP can
experiment with messaging to better manage student expectations.

Ungraded LLM-free assessment is still valuable. Given the poten-
tial for excessive student LLM usage to bias grades, keeping PEP
ungraded may seem counter-intuitive. However, without being
directly factored into students’ grades, PEP scores are still highly
valuable datapoints for improving instructor awareness of excessive
LLM usage on both homework assignments and written exams. In
cases where large discrepancies are observed between performance
in PEP vs. on other assessments, instructors have the opportunity
to investigate other work from the student for evidence of LLM use
(i.e. "unusual" homework submissions, work matching common
LLM pitfalls). PEP scores can significantly narrow the search for evi-
dence of excessive LLM usage in large classes — especially those that
utilize homework auto-graders — and also provide a high-fidelity
orthogonal signal corroborating other evidence of LLM use.

6.2 PEP & Written Exam Calibration

One meta-impact of PEP was its influence on exam calibration. As
we developed PEP problems, we were cognizant of how students
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might calibrate to PEP feedback. We avoided problems so difficult
they were discouraging or so easy that students would study less
as a result. This required us to carefully anticipate exam difficulty.

Yet inevitably, PEP also influenced exam writing. Once the PEP
problem set was created, writing exams unavoidably involved draw-
ing comparisons between candidate exam problems and PEP prob-
lems. After all, an exam problem that mimics the structure and
difficulty of a PEP problem - which we shared with all students
and advertised as "exam-like" — must surely be "fair game." This bi-
directional exam-PEP calibration resembled a version of backwards
course design [38]: as we calibrated PEP to prepare students for the
exam, we also calibrated exams so that students who internalized
PEP feedback would be well-positioned for the exam.

6.3 Logistics Lessons Learned

We succeeded at scaling PEP to 300+ students, with the custom
tooling being critical. A first-come, first-serve strategy to meeting
sign-ups generally worked smoothly, though we also discovered
that withholding a few "backup" later timeslots from initial sign-ups
helped to create slack in the system for students signing up late
with constrained schedules. A larger issue was the rate at which
students did not show up to their reserved timeslot (no-shows or
last-minute reschedules), which frustrated TAs, who estimated that
this happened for 15-25% of sessions. How to better incentivize
students to attend PEP on time remains an unresolved question.

Another lesson learned was that students and TAs agreed that
10-minute sessions were too short. As session lengths increased
to 15 minutes, PEP stretched from 2 days to 3. Although the TAs
showed remarkable capacity to stay personable and alert through
24 sessions in 2 days, they appreciated the flexibility of 3 days. We
feared that scheduling some PEP sessions more than 2 days after
others would feel unfair to late-session students, but we did not
receive this feedback.

7 CONCLUSIONS

In this experience report, we describe the design and outcomes of
Personalized Exam Prep (PEP), a scalable framework for one-on-one
dialogue assessments of how well students can explain their own
problem-solving process. PEP is a sparse add-on to a traditional
homework-then-exam assessment structure, targeting the oppor-
tunity of an upcoming high-stakes exam to garner student buy-in
for a no-stakes active learning experience featuring metacognitive
calibration. Custom tooling supported scaling PEP to 300 students
with trivial logistic workload for instructors. Though PEP required
a large TA team, PEP optimizes TA time for rewarding face-to-face
teaching moments, rather than grading or proctoring workloads.
PEP can be adapted as-is to any problem-solving course with exams;
more generally, our experiential proof-of-concept for developing a
scalable, LLM-aware active learning assessment and our post-PEP
reflections may be valuable to other instructors looking to modify
their course design through similar strategies.
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