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We talkin’ 'bout practicel

why we like(d) homework:
> measures learning
> elicits effort outside of class

» induce productive struggle and persistence
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We talkin’ 'bout practicel

why we like(d) homework:
> measures learning
» elicits effort outside of class

» induce productive struggle and persistence

educational psychology [Dunlosky et al., 2013]: two super effective
learning strategies include

P practice testing

» distributed practice (i.e., not cramming for the test)

weekly problem sets implement both
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LLMs (probably) hurt learning

» high-school math: Al without guardrails impedes
learning [Bastani et al., 2025]

» 50,000 Chinese high-school students over 4 years [Stromberg
et al., 2026]: with Al,

» better, faster homework
» worse exam performance

» lower-quality reasoning [Stadler et al., 2024], reduced
persistence and worse unassisted performance [Liu et al., 2026]

» brain activity lower [Kosmyna et al., 2025]



The goal

Incentivize doing homework to maintain practice
(and maybe some other stuff as well)




The goal

Incentivize doing homework to maintain practice
(and maybe some other stuff as well)

» abandoning homework means students just cram
P in-class exams measure learning, pacing incentive unclear

» good luck policing Al use



An old answer: the Oxbridge tutorial

» Oxford “tutorials” / Cambridge “supervisions”: small groups
(1-6 students) meet regularly with tutor [Ashwin, 2005]

» students work problems beforehand, tutor leads discussion of
their answers

> tutoring associated with large gains in learning [VanLehn,
2011]



An old answer: the Oxbridge tutorial

» Oxford “tutorials” / Cambridge “supervisions”: small groups
(1-6 students) meet regularly with tutor [Ashwin, 2005]

» students work problems beforehand, tutor leads discussion of
their answers

> tutoring associated with large gains in learning [VanLehn,
2011]

our adaptation:
P same problem sets, but written part ungraded

» weekly oral: randomized variant problem in a group of four



Setting: Stats 117, Spring 2026

» Introduction to Probability: mostly first- and second-year
undergraduates
> 10 weeks, 29 lectures, one 6ish-problem set per week

» Counting, discrete random variables, expectation and
variance, conditioning, continuous distributions

Treatment (tutorials) Control (standard)
» hand in homework, > homework graded as
ungraded usual
» weekly 50-min tutorial > weekly 50-min TA
replaces homework problem-solving section
grade (to match time)

» same lectures, same outcome measure: proctored midterm
and final



A tutorial session

» 3-4 students, 1 tutor (TA or professor), 50 minutes
P each student presents once: 12 minutes at the board, no notes

» problem is variant of homework problem

P revealed at student’s turn
» presenter selected in random order

» others: stay off devices, follow argument, help when presenter
is stuck



A tutorial session

» 3-4 students, 1 tutor (TA or professor), 50 minutes
P each student presents once: 12 minutes at the board, no notes

» problem is variant of homework problem

P revealed at student’s turn
» presenter selected in random order

» others: stay off devices, follow argument, help when presenter
is stuck

grading: score {0, 1,2} for effort and engagement, not correctness
P> exams to measure correctness

» getting stuck on hard variant is safe(ish)



Variant problems

idea: limit bog-standard memorization/staring at laptop in session

Example: Counting questions

HW: In Texas Hold’em (2 in hand + 5 community cards), what
is the probability of a flush (i.e., that at least 5 of the 7 cards

share a suit)?

Tutorial: In Bridge (13 cards each in partnerships of two of
four individuals), what is the probability your partnership is long,
holding > 10 cards of some suit?




Randomization

» homework 0: 12-question concept-inventory pretest
> independence, geometric sampling, with/without replacement,
expectation, Bayes' rule
> stratification: within each pretest score, randomly split
students between treatment (tutorials) and control (sections)

Pretest score‘ Tutorials ‘ Control
12/12 3 students | 2 students

9/12 5 students | 5 students

» 80 students in analysis: 38 tutorials, 42 control (77 took final)
> IRB #83954



Main results

Students in tutorials scored
~ 15 points higher on the midterm (of 101)
~~ 18 points higher on the final (of 154)

n = 66 (of 80 in class; results consistent with full class),
p <.002




Main results

Students in tutorials scored
~ 15 points higher on the midterm (of 101)
~~ 18 points higher on the final (of 154)

n = 66 (of 80 in class; results consistent with full class),
p <.002

» randomized, stratified on a pretest, same exams



Formal tests

randomization test (null = no individual gains)

| n | Outcome [ Difference | Null SD | p-value

66 | Midterm 15 5.0 .002
64 Final 15 5.8 .002

standard factor analysis for average treatment effect

7 = E[Y (treat)] — E[Y (control)]

n | Outcome T std. error | p-value | 95% lower bound
[n ] [ 7 | | |

66 | Midterm | 15.1 4.9 .002 6.9

64 Final 17.6 5.6 .001 8.2

units of exam points (midterm out of 101, final out of 154)



Caveats
» time on task: did not enforce section attendance

P> mechanism: cannot separate oral assessment, small-group
contact, peer effects, preparing to teach, ...

> scope: one course, one quarter, one John, one Stanford

» permission: 66 of 80 students permitted inclusion of their
data, though results on that subset consistent



Caveats
» time on task: did not enforce section attendance

P> mechanism: cannot separate oral assessment, small-group
contact, peer effects, preparing to teach, ...

> scope: one course, one quarter, one John, one Stanford

» permission: 66 of 80 students permitted inclusion of their
data, though results on that subset consistent

now:
» larger study running across 5 classes

» different interventions




Costs

v

typical staffing: one TA per 30-50 students
30 students in groups of 4 means 7-8 tutorial hours/week

> reasonable(?) for a 50% (20 hour/week) TAship
» eliminates homework grading

need variant problems
idea: get undergraduate tutors

win-win: teaching means tutors learn



Costs

> typical staffing: one TA per 30-50 students

» 30 students in groups of 4 means 7-8 tutorial hours/week

> reasonable(?) for a 50% (20 hour/week) TAship
» eliminates homework grading

» need variant problems
P idea: get undergraduate tutors

P> win-win: teaching means tutors learn

Open questions:
» do 1-on-1 or shorter sessions work as well?
» remote or larger courses?

» carry over to other courses?



Take-homes

» homework remains a good idea

» 4Cs: Communication, Creativity, Collaboration, Critical
Thinking

» in randomized trial, tutorials raised exam scores by ~ 15
points, robustly

» cost: TA hours we nominally already spend?

2put I'd find leading 7 hours of tutorials mind-numbing



Analysis: potential outcomes
For student i, exam score Y;(1) with tutorials, ¥;(0) without;
treatment indicator Z;

1. Randomization test [Caughey et al., 2023]

Hy.:Y;(1) <Y;(0) +c for each i

» re-randomize Z only within pretest strata (10 draws);
statistic is the difference in means

» report p-value at ¢ = 0 and largest rejected ¢



Analysis: potential outcomes
For student i, exam score Y;(1) with tutorials, ¥;(0) without;
treatment indicator Z;

1. Randomization test [Caughey et al., 2023]

Hy.:Y;(1) <Y;(0) +c for each i

» re-randomize Z only within pretest strata (10 draws);
statistic is the difference in means

» report p-value at ¢ = 0 and largest rejected ¢
2. Stratified Neyman z-test [Imbens and Rubin, 2015]

T=EY(1)-Y(0)], 7=, % (Yie = Yor)
k

P> merge adjacent pretest strata so each has > 2 per arm
P conservative variance; one-sided Hy : 7 < 0
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