Comprehension of LLM-Generated Code



Before We Discuss loday's Paper

» Let's discuss a (slightly) earlier paper.

» Sydney Nguyen, Hannah MclLean Babe, Yangtian Zi, Arjun Guha,

Carolyn Jane Anderson, and Molly Q Feldman. 2024. How Beginning
Fiooraimmers and Code LI Ms (Mis)read Each Other. CHI 2025

» Experiment with beginning programmers (N=120)



LIS (from Fape

» RQI: Can students who have completed a CS| course effectively
brompt a Code LLM to generate code for questions from their previous

tolirses!

» RQ2:What Is the origin of student challenges with Code LLMs? Do these
differ across different groups of students’

» RQ3:What are students mental models of Code LLMs and how do they
effect their interactions?



Approach

» Jarget two steps: prompt creation and prompt modification (used

when Inrtial prompt produces the wrong program)

* Problem: participants might just copy/paste problems into the LLM
(sound familiar?)

» Solution: describe behavior with input/output examples




cxample lask and Interface

(b) We run expert tests automatically and highlight
ones that fail. Students are then able to either edit

their description by pressing "Iry Again" or move
on to another problem.



Platform

Figure 4: An overview of the experimental platform. For
each problem, the frontend provides the participant with
the signature and tests and asks them to write a description
(prompt). This is then relayed to the backend, where the
signature and prompt are sent to Codex via the API. The
code completion from Codex is then run on our pre-defined
tests. Finally, the results of running the tests and the code
completion are presented to the participant in the frontend
interface.



Procedure

F Bt problems in /o minutes

e First block: untimed

« Second: timed

* "We Included both timed and untimed blocks in order to balance

the need to bound study duration with the desire to observe

COI]]

Dlete

brompt editing cycles.’




Pllot Stuady

» |9 participants, but had taken more than one CS course

» Pllot participants solved 5.5/8 problems in 53 minutes



Results

» Average participant solved 4./ of 8 problems

# 155 problems required three or more attempts

» One participant tried a problem 32 times




Participant-Problem Pairs

Measures of Success

pass@|: fraction of problems solved on the first try

Institution Mean pass@1 | Success Rate | Eventual Success Rate
Oberlin 0.23 26% 61%
Wellesley 0.23 25% 57%
Northeastern 0.20 237 54%
Overall 0.22 24% 57 %
(a) Mean values of di Lerknt measures of success.
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VWho Succeeds!

. - - Self-ReportedBackground N | Meanpass@1
PFIOF :Jrogrammmg International 92 0.23
- Domestic 271 0.22
CXPErience hebs ( ‘ 7 VS 24> First-generatiorncollegestudent 23 0.17
Not ! rst-generation 96 0.23
pass@ ‘ Attendedprivate high school 38 0.22
Attendedpublic high school /6 0.22
. . RaisedVionolingualin English 49 0.22
: FII"SJ[—geﬂeI"aJEIOﬂ StUdeﬂtS C|O RaisedVionolingualNot in English | 27 0.20
RaisedMultilingual Including English | 41 0.24
IeSS WeH RaisedMultilingual Not in English 2 0.22

Table 1: Self-reported high school, language, and family back-
ground.



Causes of Difficulties

e "Charlie doesn't understand me"

» Not clear how to fix this when 1t happens

» (enerated code Is buggy; results are inconsistent

» Students had trouble translating lists of cases into English



Generating Unfamiliar Python

» (enerated code used lambda, map, replace, try/except



Strategies After rirst Attempt

ThematicCodes N
AddedDetall 48
Lookedat TestsFirst 30
Lookedat CodeFirst 29
AddedCodingLanguage 21
CommentNot Relevant 16
Lookedat Codeand TestsTogether | 8
Rereadhe Problem 7
ReorderedPrompt 5
Removedetall 4
RanPromptAgain 3
FixedGrammar 2

Table 6: Thematic codesemerging from responsesto What
did you do when you wrote a description, pressedSubmit, and
it did not work? Describethe stepsyou took to edit your de-
scription.



loday's Paper

¥ "| Would Have Written My Code Differently”: Beginners Struggle to Understand LL
Generated Code

» RQI:Can CS1 students understand LLM-generated code, and what attributes of the
code determine their performance!?

» RQ2Z: How do individual differences among students affect their code comprehension in
the tasks?

» RQ3:What comprehension processes and challenges do students report when thinking
about LLM-generated code!



Procedure

* Prompt comprehension: If a participant
understands a problem, they should be able
to correctly produce output for given inputs

§  Ode comprehension: predict code's
output

» Internal validity tradeofts: not clear what
the gold standard Is here
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Figure 2: Procedure of a task. Prompt comprehension presents
a description collected from Nguyen et al. [ 31] and three In-
puts. A participant enters their expected output for the de-
scribed function given the description. Code comprehension
presents code generated for the problem by an LLM and the
same set of inputs, but asks for the output of the code. Reflec-
tion presents the correct answer for both parts and prompts
the user to review their answer. For prompt comprehension
responses, a response is correct ( ) if it matches the expected
output or wrong ( ! ) otherwise. For code comprehensiorre-
sponses, a matching response to the actual output is said to
be consistent (=); a non-matching response is inconsistent
(! ) to the actual output of the code.



Results

» Code comprehension Is harder when program has bugs

» Code comprehension appears harder than prompt comprehension

» Non-native English speakers do worse at prompt comprenension

B 6 rely on code tracing to check correctness (1)



Discussion: VWhat Should We Do Next!

» |dentity research questions about LLMs and understandability that

you think we should answer next
» Plan a study that could answer them

» Work In groups; summarize on Gradescope.



