Evaluating the Quality of
LLM-Generated Code



The Impact of LLMs

889%, improvement in productivity’ “Sooner than later, 80% of the code
is going to be written by Copilot”
Is this really true? [N @11 GitHub CEOQ.?

1. Kalliamvakou, 2022
2. Scheffler, 2023



Misleading metrics

‘ /\ # Pull Requests Created
Industry’s internal
performance metrics

# Lines of Code Produced

Completion
Time
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Quality should be the main focus

40% of Copilot-generated code are LLMs struggle to solve tasks that will
buggy? take a human developer over 11
minutes to solve?

3. Pearceetal, 2022
4. Zhang et al, 2024



What do we mean by
Quality?

* Doesitsolve the problem?

e Does the solution create other issues?
Bug-inducing fix




Problem Solving Skills of LLMs

\/_—_ Functional Correctness Functional Completeness
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* Implement all the functionalities
* Fixall the bugs
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How do LLMs work?

0) Randomly initialized LLM

deepseek

Untrained LLM
\ y,

2) Output try peter
————— > hand and
hello 4485n

Random output

blog.dailydoseofds.com, 2026



How do LLMs work?

1) Pre-training
Huge . . (Whot is an LLM? |
Text corpus The LLM simply learns to continue the — ————— _— _—"_

text instead of being conversational

I
- ~ ’ \ | User
. \ 2\ | A

2 I
deepseek | —Z» |deepseek | « —’ |
Untrained Pre-trained |
\. LLM J - Lt J m How do LLMs work? ] |
l What are LLM params? I

4) Output

blog.dailydoseofds.com, 2026




How do LLMs work?

2) Instruction fine-tuning

The LLM becomes conversational, (What o LLM?L
providing helpful answers. - — — == —=——"-
: | 3) Query
Instruction |
response pairs - ~ - N I
__Q&A 1 @- 5 @s- |
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blog.dailydoseofds.com, 2026



How do LLMs work?

( N
3) Preference Fine-—tuning User-labeled
instruction
Response #1 response pair
o S 4 >
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blog.dailydoseofds.com, 2026



How do LLMs work?

4) Reasoning fine-tuning

Reasoning task
with a definitive
answer ( \

Update model
Q&A 1 @‘ 2 °(3 e 4 params to
BN — — ) deepseek — — > - =) | — — —>» increase the
= - Preference 0 likelihood of
 fine-tuned LLM higher-reward
Reasoning-driven  Reward b bl
response calculation

blog.dailydoseofds.com, 2026



Small tasks
(Q] LeetCode <
{ )

Does not represent actual
software development tasks

Trained
data

Benchmark —— LLMs are trained on this, usually

S S Q¥
1l

‘ﬂ Data structures, Algorithms, etc.

Web Applications

E‘ Boilerplate code



e Function size
e (Contextsize

Other contributing factors
to the success rate of
code generation

Nature of the tasks

* Bug-fixing tasks

* New feature
implementation




Function Size, Context Size
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Feature Enhancement Bug Fix

Nature of

Correct 13 56
the tasks Wrong 12 131

Success Rate 52% 29.9%




Unseen Data

Code obfuscation on existing dataset

* Alpharenaming (variable, function names, etc)

* Changing the control flow of the program
(unnecessary ifs, for loop, jump, etc)

 Adding garbage code

Average passing rate of test cases can decrease
up to 62.5%°

5.Zhang et al, 2025



private boolean isCS485Awesome () {

An exa m p le Of hci(rijcEi\llse/-r\wc(tzlj23I{IyAIoooooopcounterrrrrrrr =0;
e while (ilsActuallyAloooooopcounterrrrrrrr < 10) {
code obfuscation

if (ilsActuallyAloooooopcounterrrrrrrr % 2 == 0) {
System.out.printin("Professor Kellogg is awesome.");
}
else {
System.out.printIn("But TA is aite.”);
}
. . }
private boolean isCS485Awesome ( ) { return true;
: __ }
if (2% 2==0) { e
return true; return false;
}
} }

private boolean isEven (int num) {
if (num % 2 ==0) {
return true;
}
else {
return false;

}
}



Unseen Data

Commits on Open-Source
projects that came after
Knowledge-Cutoff date.

Success Rate
LOC<Median LOC>Median

17.4% 13.6%
(4 out of 23) (3 out of 22)

14.3% 6.3%
(2 out of 14) (1 out of 16)

Knowledge
Cutoff Date




A correct solution is not the end

Create irrelevant and complicated
conditional logic’

Bug inducing fix

Misuse of APIs® Lacks defensive programming®
 Custom memory allocation/data structure in C e Checksfor NULL
 Custom data structure/objectin Java * Integer overflow
6. Liu et al, 2024 8.Chenet al, 2025

7. Li etal, 2024 9. Chong et al, 2026



Is Al Generated Code

Considered Harmful?
T

2N N

-




Al is just a tool

Don’t romanticize it
* A meanstoanend, but notthe end.

* Random number generation from
GPT. (42)

* Google search (or StackOverflow) on
steroids




StackOverflow

Number of questions per month

MontHy questions asked on StackOverflow

Peak in 2014-201%7

250,000

COVID-19 starts

200,000

ChatGPT launches

150,000

100,000

50,000

2010 2012 2014 2016 2018 2020 2022 2024

Date

pragmaticengineer.com



Al is harmful when

We check if you check the

You become a tool of Al output of Al in this class

You should be the last We check if you understand
guardrail of Al what you’re prompting




In fact, Al IS

really
harmful

because...

BUSINESS TECH

ChatGPT May Be Eroding

Critical Thinking Skills,
According to a New MIT
Study

ADD TIME ON GOOGLE

g by Andrew R. Chow
CORRESPONDENT
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A visualization of a new study on Al chatbots by MIT Media Lab scholars. Nataliya Kosmyna



The future of Computer Science

Al is unavoidable Al speeds things up but slows your brain down

Code review might be
the next big thing




The future of Computer Science

Al speeds things up but slows your brain down Code review might be the next big thing

RFL (Rust for Linux) project

* Bottleneckis code
review

* Evenwith LLM




Al should
help you think,

but shouldn’t
think for you



In-Class Activity

* Goal: Evaluate LLMs’ performance on new problems from
LeetCode

* LeetCode’s weekly contest releases 4 “new” problems every week

* We will work on:
* Weekly Contest 499 (just released 2 days ago) AND
* Weekly Contest 395 (2 years ago)

 Each group will prompt an LLM of your choice to solve 4 problems

from either contest 499 or 395 (depends on your group
assighment)

* Using either Java or Rust (depends on your group assighment)



Scoreboard!!!

* Scoreboard Link



https://main.d1y4g84kbxyvr8.amplifyapp.com/
https://main.d1y4g84kbxyvr8.amplifyapp.com/
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