
Comprehension of LLM-Generated Code



Before We Discuss Today's Paper

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

• Sydney Nguyen, Hannah McLean Babe, Yangtian Zi, Arjun Guha, 
Carolyn Jane Anderson, and Molly Q Feldman. 2024. How Beginning 
Programmers and Code LLMs (Mis)read Each Other. CHI 2024.

• Experiment with beginning programmers (N=120) 



RQs (From Paper)
• RQ1: Can students who have completed a CS1 course effectively 

prompt a Code LLM to generate code for questions from their previous 
courses?

• 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

• Target two steps: prompt creation and prompt modification (used 
when initial prompt produces the wrong program)

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

• Solution: describe behavior with input/output examples



Example Task and Interface
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(a) An example task posed to a participant. The interface displays the function name 
and several input/output examples. Participants write and submit a description in 
the text box. During our study, 85% of students who attempted this problem wrote a 
successful description after a single CS1 course. 

(b) We run expert tests automatically and highlight 
ones that fail. Students are then able to either edit 
their description by pressing "Try Again" or move 
on to another problem. 

Figure 3: The Charlie the Coding Cow interface. 

4.2 Model Choice 
When we began piloting in November 2022, the most capable Code 
LLM was the largest Codex model from OpenAI, code-davinci-002. 
Although code-davinci-002 was !rst released in 2021, on estab-
lished Python programming benchmarks, it remains as good as 
gpt-3.5-turbo, which is the model presently used for GitHub 
Copilot’s inline completions [104], the free version of ChatGPT, and 
several other commercial products. Speci!cally, gpt-3.5-turbo 
and code-davinci-002 score 48% and 46% respectively on the Hu-
manEval Python programming benchmark [11, 74], the most com-
monly used Python benchmark for Code LLMs. Since we started 
our study, several other LLMs have also appeared, including non-
proprietary LLMs that are better for reproducibility (§9.5). The best 
open models perform comparably to code-davinci-002; for in-
stance, CodeLlama (34B) achieves 48% on HumanEval [85]. This 
suggests that the model that we use is as capable at code completion 
as newer models used in practice. 

There are larger models that are more capable, such as GPT-4, 
which achieves a HumanEval score of 67% [74]. However, GPT-4 is 
signi!cantly slower and higher latency than the alternatives, and 
low latency is essential for LLM code completion to be acceptable 
to users [69]; if participants have to wait more than a few seconds 
for the generated code, their frustration might lead them to move 
on rather than re-attempting the problem. 

For consistency, we used the same Codex model throughout 
the study (code-davinci-002). It is important to note that Code 
LLMs perform best when their output is sampled; consequently, 
the model may produce di"erent programs for the same prompt. 
We generated output using best practices for hyperparameter and 
sampler settings [13]. 

4.3 Participants 
We recruited 40 participants from each institution (n = 120). Eligible 
participants were at least 18 years old, had taken CS1 at their insti-
tution between Fall 2021 and Spring 2023, and had not completed 
any subsequent CS courses. We recruited participants from March 
to July 2023 until reaching our sample size of 120. The pilot and 
main study received IRB approval. 

Care for Participants. Our study design sought to balance ob-
taining accurate data with addressing potential discomforts and 
power dynamics. Potential discomforts for participants included 
frustration regarding their inability to complete a task, which could 
reinforce negative perceptions of self or CS. In the tutorial, we 
emphasized that our goal was not to evaluate their programming 
skills, but the collaboration with Charlie. Students were allowed to 
move on from a problem at any time, resulting in a variable number 
of attempts per problem. 
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Platform
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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-de!ned 
tests. Finally, the results of running the tests and the code 
completion are presented to the participant in the frontend 
interface. 

We took several steps to address potential power dynamics be-
tween students and their professors. Recruitment was done through 
an interest form distributed by other faculty or sta!. Scheduling was 
performed by a researcher at another institution. Finally, research 
sessions were never run by a professor at the same institution as 
the participant. 

4.4 Study Execution 
The study was conducted over Zoom with audio and video record-
ing. Participants signed informed consent material ahead of the 
experiment and assented at its start. They were compensated with 
a $50 gift card for the estimated 75-minute study. 

Main Task. Figure 2 (1) outlines the full study design. Students 
completed 3 tutorial problems to get familiar with the interface 
and see some possible Codex responses. We supplied participants 
with a working prompt for the "rst tutorial problem, then gave 
them a di#cult problem so they could see a failure, and a "nal easy 
problem to solve independently. 

The main experiment consisted of 8 problems in two blocks, 
the "rst untimed, the second timed. In the second block, students 
were limited to 5 minutes per problem. We included both timed 
and untimed blocks in order to balance the need to bound study 
duration with the desire to observe complete prompt editing cycles. 

Participants were randomly assigned experimental lists, balanced 
by di#culty, using a modi"ed Latin Square design. Four authors 
independently assessed the di#culty of writing prompts for each 

problem; we averaged these scores and developed six roughly equal 
lists (Figure 2). 

Post-task Interview and Survey. After the main study, students 
completed a two-part survey, a semi-structured interview, and an 
optional debrie"ng session (Figure 2 (1)). The semi-structured in-
terview was interleaved between two survey blocks to mitigate 
question ordering and priming biases. 

The "rst part of the survey was designed to study student per-
ceptions of Charlie and of AI more broadly. We adapted validated 
scales from previous work to understand student perceptions of the 
usability, trustworthiness, and friendliness of Charlie [7, 20, 51, 99] 
and the mental workload of the task [36].2 We were also interested 
in whether students’ ability to come up with e!ective prompting 
strategies might correlate with "xed versus growth mindsets about 
computing; we drew on Gorson and O’Rourke [33] to measure this. 

The semi-structured interview asked 8 questions covering stu-
dent editing processes, what they found hard or easy, how they 
envisioned their interactions with Charlie, and how they imagined 
Charlie worked. The speci"c questions were directly inspired by our 
overarching research questions. Researchers followed a standing 
script to ask each question - there are a total of 5 missing question 
responses across the possible 960 interview datapoints, likely due to 
researcher error or time considerations. In the optional debrie"ng, 
we explained the experiment and how Code LLMs work. 

The second part of the survey focused on participants’ back-
grounds and demographics. These were the last questions of the 
study to mitigate possible stereotype threat [72]. For questions 
related to identity (e.g., gender, race, spoken language at home), 
we followed best practices and solicited responses via open text 
boxes [92]. We also asked questions about students’ CS1 perfor-
mance, experience with programming outside of CS1, high school 
& educational background, math background, major, and class year. 

Pilot Study. In late 2022, we ran a pilot study with 19 participants 
to assess the study design and usability of the interface. Pilot par-
ticipants were recruited from the same three institutions as in our 
main study, but were students who had taken more than one CS 
course. This small pilot allowed us to make sure the web platform 
was working correctly, identify any problems with speci"c tasks, 
re"ne our time estimates, and assess the quality of the automatic 
transcriptions of the interview recordings produced by otter.ai.3 

During the pilot, we identi"ed one problem with ambiguous test 
cases, which we changed before the main study. Pilot participants 
solved an average of 5.5 out of 8 problems (an Eventual Success 
Rate of 68.8% using the metric described in §5.2). 

Because the average pilot participant took 53 minutes, we in-
creased the time estimate and compensation from $30 for 60 minutes 
to $50 for 75 minutes for the main study. We also added a hidden 
time limit to the "rst block of questions in case participants spent 
more than 50 minutes on this portion of the study; this issue never 
arose in the main study. 

2In some cases, we removed questions that were not relevant to our study to keep 
the survey length manageable for participants. Details available via our Supplemental 
Materials at https://doi.org/10.17605/OSF.IO/V2C4T.
3https://web.archive.org/web/20231205001012/https://otter.ai/ 
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Procedure
• Eight problems in 75 minutes

• 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 
complete prompt editing cycles."



Pilot Study

• 19 participants, but had taken more than one CS course

• Pilot participants solved 5.5/8 problems in 53 minutes



Results

• Average participant solved 4.7 of 8 problems

• 153 problems required three or more attempts

• One participant tried a problem 32 times



Measures of Success
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Institution Mean pass@1 Success Rate Eventual Success Rate 
Oberlin 0.23 26% 61% 
Wellesley 0.23 25% 57% 

Northeastern 0.20 23% 54% 
Overall 0.22 24% 57% 

(a) Mean values of di!erent measures of success. 
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(d) Attempts. 

Figure 5: Basic measures of student success at the natural-language-to-code task. Success rate is the fraction of all attempts 
by a participant that succeed. Eventual  success rate is the fraction of last attempts at a problem by a participant that succeed. 
Pass@1 resamples the LLM several times to estimate the probability of success. We present these measures by institution. 
Figure 5a presents the means. Figure 5b and Figure 5c show the distribution of (eventual) success rates. Eventual success rates 
are higher than success rates, which is to be expected: Figure 5d shows that many students make several attempts at a problem 
before an eventual success or give up. 

Self-Reported Background N Mean pass@1 
International 92 0.23 
Domestic 27 0.22 

First-generation college student 23 0.17 
Not ! rst-generation 96 0.23 

Attended private high school 38 0.22 
Attended public high school 76 0.22 
Raised Monolingual in English 49 0.22 

Raised Monolingual Not in English 27 0.20 
Raised Multilingual Including English 41 0.24 
Raised Multilingual Not in English 2 0.22 

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

problem only after 32 attempts; another gave up after 26 attempts. 
These results suggest that low success rates are not due to a lack of 
participant e" ort. Participants struggled to write natural language 
prompts for the LLM, and often achieved success only after many 
repeated attempts. The challenging nature of this task is supported 
by comments from the students themselves (§7.1). 

6.2 Do Participants Find the Task Challenging? 
In the post-survey, participants completed four items of the NASA 
TLX [36]. Overall, students found the task mentally demanding 
(Table 2). The questions about mental demand (Q1), time pressure 
(Q3), and their own performance (Q4) correlate inversely with 
success rate. Students whose success rates were lower generally 
rated the task as more demanding (Kendall’s ! =-0.16; " =0.02); were 

less likely to say they were successful (Kendall’s ! =-0.4; " <0.0001); 
and reported higher levels of stress and insecurity (Kendall’s ! =-
0.27; " <0.0001). 

6.3 Who Succeeds at the Task? 
Using data from the post-survey, we analyze the relationship be-
tween pass@1 rates and previous knowledge, prior programming 
experience, and demographics (see Table 1 for a summary of de-
mographics). We ! nd only two statistically reliable di" erences (see 
Appendix, Table 11 for the full statistical analyses): 

¥ Prior programming experience: About 1/3 of participants 
had no programming experience outside of CS1. The remain-
ing participants had taken pre-college programming courses 
(24%), were in the next CS course (21%), or had coding expe-
rience outside of classes (29%). There is a statistically reliable 
di" erence (t-test; "  = 0.02) in pass@1 for students who have 
only coded in CS1 (0.17) versus those with additional experi-
ence (0.24). 

¥ First-generation college students: 19.1% of participants 
identi! ed as ! rst-generation college students. We observe a 
statistically reliable di" erence in pass@1 for ! rst-generation 
participants, who struggle more with the task than others 
(t-test; " =0.04). 

We examined other factors, but found no signi! cant di" erence 
in pass@1 rates: 

¥ Math courses: All but one participant had taken at least one 
college math course and half had taken 2+ courses. Single 
variable calculus was the most common math course. There 

pass@1: fraction of problems solved on the first try



Who Succeeds?

• Prior programming 
experience helps (.17 vs .24) 
pass@1

• First-generation students do 
less well
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Causes of Difficulties

• "Charlie doesn't understand me"

• Not clear how to fix this when it happens

• Generated code is buggy; results are inconsistent

• Students had trouble translating lists of cases into English



Generating Unfamiliar Python

• Generated code used lambda, map, replace, try/except



Strategies After First Attempt
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Figure 7: Histograms  of  the 282 prompts  which  lead to successes after  2 or more attempts.  These represent trends in  how 
students edit  prompts.  The ! gure on the (left)  shows the number  of  words changed between a ! rst  prompt  and last prompt.  
The ! gure on the (right)  shows the ! nal  change that  produces a successful ! nal  prompt.  

Thematic Codes N 
Added Detail 48 
Looked at Tests First 30 
Looked at Code First 29 
Added Coding Language 21 
Comment Not Relevant 16 
Looked at Code and Tests Together 8 
Reread the Problem 7 
Reordered Prompt 5 
Removed Detail 4 
Ran Prompt Again 3 
Fixed Grammar 2 

Table 6: Thematic  codes emerging  from  responses to What  
did  you do when you wrote a description, pressed Submit,  and 
it  did  not work? Describe the steps you took to edit your  de-
scription.  

8.2.1 Editing processes. Over a third of students (n=48) mentioned 
adding detail to their descriptions when they did not succeed (Ta-
ble 6). Some students mentioned clarity as a goal in adding detail, 
like !"#$%&'B'( : ÒI will  go back and try to change the wording to 
make it more clear, and then try it again. And see if  that changes any-
thing. And then just try to repeat that process until it  works.Ó Others 
noted that their descriptions needed additional detail because they 
did not originally fully  describe the problem, or as )*"+ B,,(*,  puts 
it, ÒI forgot to uppercase Aspen. And that was just my silly mistake. 

And I will  just go back and edit or add changes that I want to add and 
wish itÕs gonna work the next time I guess.Ó Considering participantsÕ 
edits quantitatively con! rms the popularity of adding detail. When 
we consider pairs of prompts that ultimately succeed, we ! nd that 
students, on average, add 9.44 words (SD = 11.34) between their 
! rst and last prompt, and 5.36 words (SD = 8.87) between their 
penultimate and last prompt (Figure 7). 

While adding details was the most common approach, partici-
pants mentioned other strategies, such as reordering (n=5) or re-
moving detail (n=4). There are also eight attempts where rerunning 
the same prompt resulted in a success; we discuss these cases in 
¤7.3. 

Students looked in di" erent places for insight into how to edit 
their prompts. Some considered the generated code ! rst (n=29), 
some the tests (n=30). Others considered both (n=8) or reread the 
problem (n=7). 

8.2.2 Strategy changes over time. Participants had a range of re-
sponses about how their prompting processes changed over time. 
Some students indicated that they never really developed a process 
(n=13), while others (n=14) discussed actively testing and adapting 
to CharlieÕs capabilities: ÒI ! rst [...] was kind of seeing what vocabu-
lary Charlie knew. Like if  he knew computer science terms, or if  I had 
to be less computer science-yÓ (-,&., B'##). 

We present key trajectories in Figure 8. Overall, we observe a 
range of reported experiences. Some participants reported start-
ing more human-like and ending more technical (Pythonic), while 
others said the opposite. For instance, (/+'(/ B,,(*,  reported, ÒTo 



Today's Paper
¥ "I Would Have Written My Code Differently": Beginners Struggle to Understand LLM-

Generated Code

• RQ1: Can CS1 students understand LLM-generated code, and what attributes of the 
code determine their performance?

• RQ2: 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

• Code comprehension: predict code's 
output

• Internal validity tradeoffs: not clear what 
the gold standard is here
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Figure 2: Procedure of a task. Prompt comprehensionpresents
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 comprehensionre-
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.

prompts acting merely as a contextual framing for the problem to
participants.

3.3 Task Design
Using this dataset, we designed structured tasks to assess beginner
programmersÕ comprehension of LLM-generated code. Each task
consists of threeparts: prompt comprehension, code comprehension,
andre! ection(referred to asPart A, Part B, andPart C, respectively).

Participants begin withprompt comprehension (Part A), where
they read a problem description with example inputs and outputs.
To con! rm their understanding of the problem, they predict the
expected output for 3 given inputs. Next, incode comprehension
(Part B), participants analyze an LLM-generated function intended
to solve the problem. They predict its output for the same inputs
as in Part A, noting that the functionÕs output may di" er from the
expected results. Finally, inre! ection (Part C), participants com-
pare their predictions with the ground truth: the expected output
from Part A and the actual output from Part B. They then answer
questions about their experience.

Figure2 illustrates an example of this task, including the steps
and interactions involved. In the! gure, a participant entered their
predicted expected outputs and outputs of the function in prompt
comprehension and code comprehension respectively. When re-
viewing their result, they found that their! rst two predicted outputs
arecorrect, but their third predicted output isincorrectbecause it
didnÕt match the canonical output. They also found that while their
! rst predicted output for code isconsistentwith the actual output,
the second and third outputs isnot consistentwith the ground truth.

We believe this set of interactions to be a sound approach for
gauging studentsÕ code comprehension. Presenting students with a

prompt and an input-output pair! rst ensures that they contextual-
ize the code aiming to solve a speci! c problem, mirroring how they
naturally interact with LLMs when seeking code solutions. With-
out this step, students might interpret the code arbitrarily rather
than evaluating it in relation to an expected behavior. Requiring
students to explicitly enter output predictions, rather than selecting
from multiple choices, prevents guessing biases and encourages
mental code execution. Additionally, compared to free-response
explanations of code behavior, output prediction is a more direct
and objective measure, eliminating interpretation variations and
ensuring e# ciency in evaluation. By structuring the task this way,
we ensure that comprehension is tested in a way that is both rig-
orous and aligned with real-world reasoning about code, where
developers frequently predict outputs to verify their understanding
of a functionÕs execution.

The accuracy of participantsÕ predictions serves as an objective
measure of their understanding of both the problem description
and the generated code. To supplement this quantitative assess-
ment, we collect additional insights by asking participants to rate
their con! dence, along with their predictions for both prompt and
code comprehension. Furthermore, they are invited to re$ect on
their experiences and their understanding across both parts, after
reviewing their results against the ground truth. More speci! cally,
participants are asked to indicate if the generated code is what they
themselves would write, as done in Nguyen et al. [31]. Following it
is a free-response section, inviting them to describe their experience
of the task. The exact wording of the free-response section can be
seen in Figure3b.

This open-ended format allows participant to articulate speci! c
challenges they faced, such as di# culties in understanding the
prompt or part of the code. In summary, this combination of quan-
titative and qualitative data provides a comprehensive view on
the challenges involved in understanding LLM-generated code for
beginning programmers.

3.4 Study Interface
The study interface is designed as a web application. We provide two
interface screenshots in Figure3. Figure3aillustrates the interface
for prompt comprehension and code comprehension (with Part
B used as an example), and Figure3billustrates the interface for
re$ection.

In prompt comprehension, the participants see the prompt being
presented, followed by a table displaying test case inputs. Partici-
pants then are prompted to enter the expected output of described
function in the rightmost column of the table. To avoid potential
typos, they are required to enter syntactically valid Python values
before proceeding. Participants are asked to rate their con! dence
for their responses using a 5-point Likert scale, indicated via a radio
button below the table, before proceeding to the next part.

The interface for code comprehension is structurally similar to
prompt comprehension above. The test case inputs from prompt
comprehension are used but shu%ed and relabeled (e.g. ÒB.1Ó, ÒB.2Ó
etc.) to mitigate ordering e" ects. Participants are instructed to enter
ERRORif they believe the code raises an exception for a given input.

In re$ection, the interface displays the prompt, the generated
code, the participantÕs predicted outputs, and the expected output
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Results

• Code comprehension is harder when program has bugs

• Code comprehension appears harder than prompt comprehension

• Non-native English speakers do worse at prompt comprehension

• 59.4% rely on code tracing to check correctness (!?)



Discussion: What Should We Do Next?

• Identify 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.


