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Abstract—This research paper focuses on evaluating code-
generating chatbots. Chatbots like ChatGPT released in the past
three years have proven capable of a wide variety of tasks within a
conversational interaction, including writing code and answering
code-related questions. With these recent advances, chatbots
have many potential uses in education, including computer
science education. However, before these chatbots are used in CS
curricula, their capabilities and limitations must be systematically
tested and understood. In this work, we evaluate the capabilities
and limitations of four known, open-source, code-based chatbots
in programming tasks by performing a standardized study in
which different chatbots are tasked with providing answers for
a variety of assignments from Boise State University’s computer
science program. We found that while all of the chatbots can
write code and provide explanations, some do better than others,
and each of them work differently in conversations. Moreover,
all of them suffered similar and important limitations, which has
implications for adoption in curriculum. As a second experiment,
we used the Llama chatbot to perform a human evaluation by
enabling student novice and experienced programmers to use it as
a coding assistant to complete specific tasks in a common software
development environment. We found that the coding assistant can
help novice programmers accomplish simple tasks in comparable
time and code efficacy as more experienced programmers. Given
these experiments, and given feedback from participants in
our studies, we see a clear picture emerge: new programmers
should learn important concepts about programming without
the help of code assistants so students can (1) demonstrate
their understanding of important concepts and (2) have enough
experience to assess code assistant output as useful or erroneous.
Then, once intermediate skills are mastered (e.g., object oriented
programming and data structures), it seems appropriate to
introduce students systematically to coding assistants to help
with specific assignments throughout the undergraduate com-
puter science curriculum. We conclude by addressing ethical
considerations for the use of code-based chatbots in computer
science education and future directions of research.

Index Terms—chatbot, large language models, code copilot

I. INTRODUCTION

Recent advancements in chatbots has attracted great inter-
est from educational institutions and higher learning. Some
institutions use chatbots to help with content personalization
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[1] or use them in online tutoring roles [2]. These chatbots
also have the ability to write computer code and solve coding
questions [3], which could make them particularly beneficial
for computer science (CS) education. CS students have used
ChatGPT to help them with programming assignments and
have found it to be helpful in debugging and improving code-
related thinking skills [4]. While ChatGPT can provide benefits
for CS students, there are also potential harms this technology
poses, including cheating on exams [5], assignments and
projects [6], as well as the potential to make CS students overly
reliant on the technology [4].

When presented with these potential benefits and harms,
it is clear that systematically evaluating the effectiveness of
chatbots on programming assignments is necessary if they are
to be applied to CS education. We therefore aim to answer the
following research questions in this study:

o What are the capabilities and limitations of code-based
chatbots, and how do they affect student answers on
questions and problems from real CS assignments?

o How do these capabilities and limitations affect human-
chatbot conversations and chatbots’ ability to answer
questions?

e Can code-based chatbots be integrated in such a way
to help novice and experienced programmers perform
coding tasks more effectively?

To answer the first and second questions, we conducted
an evaluation across multiple recently released open source
chatbot models on five assignments, conversing with them to
provide a solution for each assignment. We then evaluated
these solutions through instructor grading and the percentage
of passing test cases. To answer the third research question, we
conducted a user study between two groups of programmers
to solve a small set of Python problems. One group was given
access to chatbots and the other was not. Answering all three of
these questions provide insight into how effective and capable
coding chatbots are at providing help on CS assignments.



II. RELATED WORK

Code-generating chatbots have systematically been evalu-
ated against benchmarks and have been shown to be effective
at solving programming problems [7]. Other work has inves-
tigated the potential uses of chatbots in education, both in CS
and in other fields. Surveys analyzing different methods for
delivery for chatbots [8], [2] have found a variety of ways they
can be used in educational settings, including filling different
roles and using different interfaces. Other surveys studying the
impact of chatbots in educational settings [9], [10] showed
that students respond positively to chatbots that are tailored
for their education and helped in some areas. Other studies
and surveys focused on studying the impact and potential
use cases of chatbots in specific fields of education, such
as medicine and healthcare [11], engineering and computer
science [3], scientific fields such as chemistry [12] and physics
[13] and business education [14]. Each of these studies focus
on establishing potential use cases, conducting user studies,
or finding the capabilities and limitations of chatbots for
particular sub-fields of education not related to CS.

A closely related work by Liu et al [15] conducted a study
at Harvard that encouraged students in their CS50 computer
science class to use chatbots like ChatGPT and Bing Chat
to help them solve their assignments. Another study done by
Jury et. al. [16] used chatbots to generate working examples
for students and evaluated them through two surveys, one
where the participants were students and the other survey
had experts as participants. Both of these studies are similar
to ours because they research using chatbots in computer
science education. Both of these studies involved students
solving problems using chatbots in an educational setting
and collecting their feedback, while our study focuses on
evaluating multiple open-sourced chatbots systematically using
existing assignments.

Other studies focused on the technical details and implemen-
tations of chatbots. Some studies [17], [18] provided training
data for fine-tuning chatbots for particular assignments or use
cases. Other research papers [19], [20] focused on building
models and chatbots that were technically designed to fulfill
a particular role in an educational setting. Other studies [21]
using ChatGPT have found that its particular user experience
significantly accelerates completing assignments. Literature
reviews [22] and systemic surveys [23] have provided valu-
able information about how education is being changed by
ChatGPT for both students and faculty.

III. METHODOLOGY

In this section, we describe the assignments that we selected
from Boise State University’s CS curriculum, which code-
based chatbots were used for Experiment 1, the evaluation
process for each chatbot on each assignment. We also explain
the objective metrics and subjective metrics used and the
infrastructure used to perform these evaluations.

a) Assignments: In order to be useful in any CS curricu-
lum, state-of-the-art chatbots must be able to answer problems
from different assignments throughout the curriculum from
beginner to more advanced. To thoroughly evaluate the ef-
fectiveness of each model, we chose five assignments from
three of our core CS classes: CS 1, CS 2, and CS 3. We chose
these courses because they each introduce students to core
programming concepts on different levels. CS 1 introduces stu-
dents to the basics of programming, CS 2 introduces students
to object-oriented programming, and CS 3 teaches students
about data structures and their applications. We also chose
these three courses because they provide different complexity
and emphases. The assignments are described below (most
assignments come with test cases):

Assignments from CS 1:

o TicTacToe: A Tic-Tac-Toe game in Java with a GUI and
a basic Al program. Students use 2D arrays to store the
game state, write game logic in different Java classes, and
implement a basic GUI to play the game and show move
history.

o TextBook: A simple console-based social media site
called TextBook. The assignment requires functionality
for a single user log in with a username (no password re-
quirement), creating posts, printing posts, deleting posts,
adding comments to posts, and storing all comments and
posts in text files.

Assignments from CS 2:

o Analysis of Algorithms (AOA): This assignment intro-
duces students to analyzing code runtime by having them
read code snippets and then create growth functions for
best, worst, and average case scenarios, and then justify
their reasoning afterward. This assignment does not in-
volve unit tests, but it does include a runtime analyzer
that provides hints to the code’s growth functions.

o Double Linked List (DLL): A double linked list in Java,
as well as a Listlterator and unit tests. The double linked
list must implement get, set, add, and remove methods,
as well as all optional and required Listlterator methods.

Assignments from CS 3:

o Cache Project: A basic cache that follows a most recently
used scheme with a fixed size in Java. Students are
expected to also write a driver class with command line
arguments for testing and debugging their cache.

We chose these assignments for evaluation for multiple
reasons, including faculty interest, the general nature of these
assignments, and the variety of problems they provide. The
TextBook and Tic-Tac-Toe assignments, for example, evaluate
the ability of each chatbot to solve basic coding tasks, whereas
the DLL and AOA assignments evaluate each chatbot’s ability
to create a complex data structure and do runtime analysis,
and the Cache assignment tests each chatbot’s ability to create
a cache and driver code. Table I shows a synopsis comparison
of these assignments.



Assignment Comparison

Assignment Class Category Test Cases | Answer Key
TextBook CS 1 Programming Yes No
Tic-Tac-Toe CS 11 Programming Yes No
DLL CS 2 | Data Structure Yes Yes
AOA CS 2 Conceptual No Yes
Cache Project | CS 3 Data Structure Yes No

TABLE T

ASSIGNMENT COMPARISON BETWEEN DIFFERENT ASSIGNMENTS,
INCLUDING CATEGORY, CLASS, AND IF TEST CASES AND/OR TEST SUITES
WERE INCLUDED WITH THE ASSIGNMENT.

b) Chosen Code Language Models: We chose four code-
based chatbots for our evaluation. We chose these chatbots
because they are open source, were recently released, and
represent the best chatbots the field has to offer thus far.

o CodeLlama-34B-Instruct-HF: A 34 billion parameter
Llama-2 Chatbot model further trained on code-based
tasks and fine-tuned through instruction-based human
feedback [24].

o Phind-CodeLlama-34B: A 34 billion parameter CodeL-
lama model (not trained with instructions) fine-tuned by
a company called Phind on a closed-source dataset of
code-based instruction-answer dialogue .

e OctoCoder: A fine-tuned version of StarCoder, a 15-
billion parameter code-based LLM trained by Hugging-
Face and ServiceNow on public GitHub repositories,
which was then fine-tuned on GitHub commits [25].

o WizardCoder: A version of StarCoder fine-tuned by Wiz-
ardLM using a custom fine-tuning method called Evol-
Instruct, which used a genetic algorithm to increase the
complexity and diversity of code-based problems and
solutions, using five metrics to both measure the efficacy
of generated responses and create data for further model
tuning [26].

Both CodeLlama and Phind-CodelLlama use Llama-2 as
their foundation model [27], while WizardCoder and Oc-
toCoder use StarCoder as their foundation model [28].

We decided not to use closed (e.g., ChatGPT) chatbots
for two main reasons: Privacy concerns from professors who
did not want their assignments uploaded to third parties and
the inherent variability of live closed-source chatbots being
constantly adjusted in production. We chose to host open-
source chatbots on local hardware to address both of these
concerns by preventing data from being submitted to third
parties and giving us direct control of the environment these
chatbots are used for consistency purposes.

¢) Evaluation Process: We evaluated each code-based
chatbot in a conversational trial-and-error manner to make
solutions for each assignment. In total, we conducted 20 con-
versations between all 4 chatbots on all 5 assignments. Each
conversation started with using part the assignment description
(as given by the faculty teacher) as input, providing it to the

Thttps://www.phind.com/blog/code-llama-beats-gpt4

chatbot, letting the chatbot generate a response, evaluating that
response for quality and completeness based on answer keys,
test cases and human judgement, then selecting a new part of
the assignment as input to the chatbot. This continued until
we found a complete solution or we could not get a complete
solution after a maximum of 30 dialogue (back-and-forth)
turns. A graphic showing a visual example of this process
can be found in Figure 1.
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Fig. 1. Diagram of Trial-And-Error Conversation Methodology, step by step.
Step 1: Use part of assignment as input to the model. Step 2: Let the
model generate a response. Step 3: Evaluate the response for quality and
completeness. Step 4: Give another part of assignment based on the given
response. Repeat Steps 2-4 for up to 30 turns or until the model produced an
adequate response.

After the conversation was complete, each faculty who was
actively teaching the course for each assignment graded each
as if it were submitted by a student in the class. This sometimes
included running test cases to arrive at a final success rate.

For the AOA assignment (which is more focused on meta
thinking rather than coding), we followed the same procedure,
and included each sub-question on the assignment for each
chatbot and asked it to generate a response. If we did not get
an appropriate response after two turns, we moved onto the
next sub-question.

IV. EXPERIMENTS

A. Experiment 1: Systematic Evaluation of Open-source Cod-
ing LLMs

We conducted all of the evaluations on the same PC, which
was running Ubuntu 22.04 LTS, an Nvidia RTX 3090 GPU
with 24 GB VRAM, a 16-core 32-thread AMD Ryzen CPU,
and 64 GB of RAM. Each chatbot was run on the RTX
3090 using 4-bit floating point quantization to shrink memory
requirements and make models larger than 7B parameters fit
inside GPU memory. All the chatbots we tested were given
no pre-prompts. We used same text generation parameters
for all models except for input size and context length (both
Phind-CodeLlama and Meta-CodeL.lama were limited to an



Results for CS 1 Assignments
Code-Based TextBook TicTacToe
ChatBot Grade | Tests Passed | Turns | Grade | Tests Passed | Turns
Meta-CodeLlama 36% 44.5% 31 30% 60.2% 32
Phind-CodeLlama 76% 94.5% 30 51.3% 95.9% 29
OctoCoder 4% 0% 29 3.33% 0% 30
WizardCoder 1.33% 0% 31 0% 0% 31
TABLE 1T

GRADES, CONVERSATION TURNS, AND TEST CASES PASSED FOR BOTH TEXTBOOK AND TICTACTOE

Table 4.2: Results for CS 2 And CS 3 Assignments
Code-Based DLL AOA Cache
ChatBot Grade | Tests Passed | Turns | Grade | Turns | Grade | Test Passed | Turns
Meta-CodeLlama 21.7% 21.9% 31 20% 31 86.7% 100% 32
Phind-CodeLlama | 86.7% 97.6% 31 20% 33 87.8% 100% 21
OctoCoder 0% 0% 31 20% 30 0% 0% 31
WizardCoder 0% 0% 32 20% 30 0% 0% 31
TABLE TIT

GRADES AND CONVERSATION TURNS FOR AOA; GRADES, CONVERSATION TURNS, AND TEST CASES PASSED FOR BOTH DLL AND CACHE

input length of 1536 tokens and output length of 2048 tokens
respectively because longer input length resulted in severe
bottlenecks and time-outs; WizardCoder and OctoCoder were
given an input length of 2048 tokens and an output length of
4096 tokens because these chatbots tended to generate very
long outputs). We used the following software for loading the
models, user interface, and coding.
o HuggingFace’s text-generation-inference engine’ to run
each chatbot on the PC
o HuggingFace’s chat-ui® as the conversation interface
o MongoDB* to store conversation data
o Visual Studio Code® for running code outputted by the
chatbot

B. Evaluation Metrics

For the experiments, we used the following objective evalua-
tion metrics for evaluating the overall quality of each generated
solution:

o Number grades reflected as percentages from course

instructors

o Percent of test cases passed (for assignments with test

cases)

o Number of back-and-forth dialogue turns

These evaluation metrics were chosen because they emu-
late the evaluation of student solutions. The grade from the
instructor is used as a metric for the overall quality of the
generated solution, and the percent of test cases passed is used
as a metric for measuring the solution’s completeness with the
requirements. We include the number of dialogue turns in the
evaluation metrics to show that some solutions took slightly
more turns to generate than others, which can indicate the
overall quality per response in each solution.

2https://github.com/huggingface/text-generation-inference.git
3https://github.com/huggingface/chat-ui.git
“https://www.mongodb.com/

Shttps://code.visualstudio.com/

For consistency, the same person performed the evaluations
for each assignment for each model. The chosen individual is a
student in our CS undergraduate program, nearing graduation.
They have taken the courses in question and have completed
the assignments previously. We use insights gained from this
individual for additional subjective, qualitative results that we
include below.

1) Objective Experimental Results: Tables II and III show
the grades, the percentage of test cases passed, and number
of dialogue turns for each each chatbot on each assignment.
It is clear from both tables that Phind-CodeLlama and Meta-
CodeLlama both did better in both test cases passed and grades
than WizardCoder and OctoCoder.

Both Meta-CodeLlama and Phind-CodeLlama were able
to write solutions that partially passed test cases and got
partial credit. Of the two better performing chatbots, Phind-
CodeLlama did the best by far, passing more than 90% of test
cases and getting above 50% in most grades. Meta-LlamaCode
did worse than Phind-CodeLlama but better than WizardCoder
and OctoCoder, scoring between 20% to 60% in test case
passing rates with grades between 20% and 50% for most
assignments. Almost all conversations continued until around
30 dialogue turns except Phind-CodeLlama’s Cache solution,
which was both of acceptable quality and fully complete at 21
dialogue turns.

WizardCoder and OctoCoder both failed to pass all test
cases, getting a 0% passing rate across all test cases and got
grades close to or at 0% for most assignments as well. They
did poorly across all assignments because their code was full
of errors and would not compile. The only assignment all
chatbots did poorly in was AOA, with all of them getting a
grade of 20% due to numerous logical errors and too much
irrelevant information.



C. Subjective Results

During evaluations, the evaluator found that each chat-
bot had a unique way of conversing and generating code
solutions—a kind of limited, but different personality for each
model. They found that this personality greatly affected the
responses and the conversation process:

Meta-CodeLlama: Often followed my instructions closely
and carefully, but made mistakes when the input was not in the
right format. Whenever I told it the answers that it gave were
wrong and incomplete, Meta-CodeL.lama would apologize and
write a new answer based on the prompts it was given. Meta-
CodeLlama rarely rejected to answer my prompts outright,
except in one instance where it refused to provide a solution
for the DLL in the first prompt because the chatbot recognized
that it was a class assignment. I think this happened because
of some kind of safety mechanism I triggered, but I did not
confirm that. Overall, Meta-CodeLlama tried to be helpful and
provide good solutions. Comments were included in some
code snippets, however these comments are limited or not
generated unless I told it to.

Phind-CodeLlama: I found it to be like Meta-CodeLlama,
but was highly code focused, responding with code snippets in
the vast majority of cases, and would sometimes give descrip-
tions after each response. I found that Phind-CodeLlama was
the most “GPT-like” of all the models I tested and was able to
bridge gaps in prompts and respond to non-specific instructions
with specific code snippets. I also found that Phind would
sometimes freeze and not produce any output when prompted
to do something not directly code related and sometimes refuse
to fix because convinced itself it had the right solution even
if I knew it didn’t.

OctoCoder: Wrote very verbose code with detailed com-
ments. I found that OctoCoder always generated lengthy code
snippets with a lot of helper methods and internal variables.
It would do okay if I gave it short instructions about generic
problems, but it often meandered on larger problems so much
that its answers were cut off, even with a 4096 token limit.
I also found that OctoCoder often hallucinated variables or
methods, generated very long names, and got stuck generating
the same token sequence over and over again. OctoCoder
generated the most descriptive and accurate comments out of
all the chatbots I tested, which I found odd considering it had
poor quality code overall.

WizardCoder: Likes generating complicated code snippets
and explanations using a variety of strategies and moving
parts. Like OctoCoder, WizardCoder’s answers were often
long and complex and were often cut off at the 4096 token
limit. Like OctoCoder, I found that WizardCoder did fine on
smaller problems but not on larger problems that required
specific implementations. It often over-complicated answers to
conceptual questions as well by generating verbose answers,
sometimes with logical fallacies. Unlike OctoCoder, Wizard-
Coder sometimes complimented me randomly or even refused

to generate solutions due to a self-reported lack of confidence,
especially when I told to fix a mistake or error in its code.
WizardCoder also repeatedly got stuck on the token < > when
generating code snippets, even when I explicitly told it not to.

D. Discussion

While Phind-CodeLlama and Meta-CodeLlama did better
than WizardCoder and OctoCoder in the objective metrics,
all chatbots we tested in this evaluation had similar issues
in responding to instructions. They all had incidents where
they did not provide answers at all. Some chatbots got stuck
on particular tokens (such as WizardCoder getting stuck on
< tmp_sep >), while others got stuck on particular instruc-
tions or formatted input. All chatbots we tested also got stuck
on particular problems or kept generating output that was
incorrect or nonsensical. Sometimes the chatbots repeatedly
generated the same code or answers over and over again, both
inside and between prompts. In all cases, the only consistent
way we found to keep the chatbots moving toward solutions
was to move onto a different part of the assignment in question.

All of the chatbots we tested also generated code or answers
that contained so-called “hallucinations” or made up informa-
tion that was stated as fact [29]. Examples include names
of code objects that were nonexistent, including functions,
variables, methods, and classes for code based problems. We
noticed that this issue was even more pronounced for the AOA
assignment, where chatbots consistently invented lines of code,
algorithms, runtime functions, constants, and variables where
none existed. All chatbots also made logical or arithmetic
errors during the evaluation that we could not correct, even
if we provided many different forms of the same prompt.

E. Experiment 2: Novice vs. Experienced Programmers

The results of Experiment 1 showed the effectiveness for
the Llama models to be used for interactive code assistance.
In this experiment, we implemented an extension to a popular
programming tool, VSCode, that interfaces directly with the
Llama coding model and recruited a group of Novice pro-
grammers and another group of Experienced programmers and
tasked them with programming several specific problems.

a) Setup: Our chosen model was LLama with 7 billion
parameters, with a max token response of 512 tokens. We used
Streamlit, an application that turns scripts into web pages,
to host the Llama model.® Our VSCode extension works as
follows: as the user inputs text into an active editor, the
extension collects text from the input cursor’s current line.
When the user finishes typing, after a small timeout (to prevent
overloading the locally run model), a request is made to the
StreamLit service that is hosting the Llama—Python model.
After the model returns a suggestion, VSCode displays it
within the active editor, allowing the user to accept or reject
it, either all at once, or on a word-by-word basis. Figure 2

Ohttps://streamlit.io/



@ test.py > @ fizz_buzz Accept Accept Word

1 def fizz_buzz():J
for i in range(1, 101):

9 and 1 % 5 == 0:

("FizzBuzz")
elif i 3 ==0:
print("Fizz")
elif i %5 == 0:
print(*"Buzz")

Fig. 2. A code completion suggested by the editor, given the input, “def
fizz_buzz():”

shows how this process looks to the user. The overall pipeline
is shown in Figure 3.

b) Procedure: We recruited users with varied program-
ming experience levels (beginner to experienced) while still
ensuring that all participants had at least some background
in writing and reading code. We then sorted the participants
into two subgroups: 9 in Novice (fewer than 4 years of
experience) and 10 in Experienced (greater than four years
of experience) programmers. We also asked users about their
overall experience and knowledge of Al to better understand
the pool of participants. Table IV details the range of user
experiences across both groups concerning use or knowledge
of Al and generative content. It is evident that a great majority
of the participants have a background in either Computer or
Data Science. Similarly, most participants reported to have
used Al content before to some degree, which is hardly
surprising given its ever-increasing prevalence. On the other
hand, only around a slight majority of the total participants
stated to have specific knowledge surrounding the intricacies
of artificial intelligence or machine learning.

The population of users that attempted our selected tasks
ranged from beginner to expert in programming experience.
We attempted to target users with at least some experience in
Python programming (the language of choice for our study) in
order to measure how our tools could aid those with differing
levels of experience in the programming language we selected
to focus on. Tables V and VI detail statistics collected from
both groups regarding coding background and Python experi-
ence, respectively. Regarding Python experience specifically,
half of participants identified as beginner or novice, having
minimal experience with Python (i.e. under one year of total
experience). The Novice group in particular especially exhib-
ited a vast majority of novice Python experienced individuals,
where 78% of users within this group reported under a year of
experience. The Experienced group reported a slightly more
balanced distribution of Python experience, where the majority
of the participants reported having at least 1 year of Python
experience.

The coding tasks we asked the participants to complete var-
ied in increasing difficulty. We designed this set of tasks to be

Creates input Input sent to

API call
Streamlit Llama model
Replicate

Returns output m Output received

Fig. 3. The pipeline of the Chatbot. The user sends a prompt through
Streamlit, which sends this input as a request to our LLama model. After
performing necessary computations, Replicate returns the model’s response.

completed without AI assistance in a timely manner—ideally
no longer than 25 minutes total while still requiring critical
thought from participants in order to complete them effectively.
Users were allowed to skip a task if it was too difficult. The
three tasks are detailed below:

o Task 1: Create a loop that counts the total number of
even whole numbers divisible by 7 in the range 1-200.
Increase numCounts when this criterion is met.

o Task 2: Use the init() function to assign values for name,
id, and age in a Student class.

o Task 3: Create a function that squares a given input
integer, but only when that integer is a perfect square
less than 150. Append each returned integer that meets
this criteria to the double_squared list.

c) Metrics: After completing the tasks, participants filled
out a survey in order to gather information on their expe-
riences. We created two forms with similar questions about
Al and programming experience, completion of tasks, and the
usefulness (or absence of) Al in their experience. Some sample
questions/prompts include:

o Did you complete Task X?

« I found the following Tasks difficult (select all that apply)

o I wish I had Al for the following tasks:

o The AI actually helped on the following Tasks (select all
that apply)

o I used chatbot AI on the following Tasks (select all that
apply)

o I used code completer Al on the following Tasks (select
all that apply)

We also collected data on how much time participants spent
on tasks, percentage of tasks completed (and if those tasks
were correct).

d) Results: Table VII depicts the results of time taken
to complete the tasks across both groups. Overall, the average
times for the Novices and Experienced groups were 23 minutes
and 25 minutes respectively.

The results of task completion (where tasks were done
correctly) is shown in Table VIII. Task 3 was particularly
challenging, as both groups reported only around half of
their participants passing the task. This task was consistently
rated the most difficult; both groups either used, or wished to



Al Knowledge & Background

Experienced (% of people)

Novices (% of people)  Total

Pursuing or pursued a degree in Computer or Data Science 90% 89% 89%
Knowledge of Al learning models 70% 67% 68%

Used ChatGPT or other Al generated content 80% 89% 84%

Not used Al generated content before 10% 11% 11%

TABLE IV
INFORMATION ABOUT PARTICIPANTS’ BACKGROUND IN AND/OR KNOWLEDGE OF Al IN THE EVALUATION PHASE.

Years Exp Nov  Total Python Exp Nov  Total

0-1 0% 11% 5% 0-1 30% 78%  53%
1-3 30% 44%  37% 1-2 50% 22%  37%
4-8 40% 33% 37% 2-4 10% 0% 5%
8+ 30% 11% 21% 4+ 10% 0% 5%
-~ TABLEV - TABLEVI
PARTICIPANTS’ CODING PARTICIPANTS’ PYTHON
BACKGROUND. BACKGROUND.

use, Al for assistance. In addition, 100% of the users in the
experiment group reported using Al assistance for Task 3, but
only two users claimed the Al actually helped for that task.
Although AI was sought after or used for Task 3, it proved
little use to actually help in this case (based on our current
implementation).

Task 2 focused on Python conventions in object construc-
tors; one must know basic Python object syntax in order to
properly complete the constructor. This led to two users failing
this test in the Experienced group whereas the Novice group
had all participants passing (although it is worth mentioning
that one of those two participants did not have time to attempt
Task 2 in the Experienced group as described in written
responses). This could be due to participants attempting and
failing the task due to not knowing Python object syntax (data
scientists often do not learn object-oriented programming),
whereas the Novice group defaulted to Al for Python object
syntax questions. This possibility becomes more apparent as
the Novice group reported 100% use of Al when completing
Task 2, and all but one participant reported that the Al was
helpful in doing so.

Task 1 proved a nuanced mix; this task featured basic al-
gorithm strategies with more users passing in the Experienced
over the Novice group. There were 0% of users across both
groups that found this task challenging or tedious to complete,
but from user observations, there was a note that those using
the chatbot to complete this task would receive code that prints
the value, instead of incrementing it, as stated in the task’s
instructions. This meant that users had to modify the code to
pass our tests.

Time spent  Experienced Novices  Total
10-15 30% 0% 16%
15-20 20% 22% 21%
20-25 20% 56% 37%
25-30 20% 22% 21%

30 10% 0% 5%

- TABLEVr
TIME SPENT ON TASKS FOR EACH GROUP.

Task Experienced  Novices  Total

Task 1 90% 78% 84%
Task 2 80% 100% 89%
Task 3 60% 56% 63%

-~ TABLEvVImr
TASK COMPLETION/PASSING PERCENTAGES.

As detailed in Table IX, the survey results revealed that most
individuals wished for AI use on specific tasks. As expected,
Novice programmers want Al assistance more overall, even
for easy tasks, whereas more experienced programmers do not
want to rely on Al assistance. We assumed Tasks 1 and 2
would have similar rates of desire for Al aid, due to their
apparent similar difficulties, but Task 2 ultimately had a lower
completion rate, potentially resulting in a greater desire for Al
aid among participants. Overall, the rates of desire for Al aid
were not as high as originally anticipated, but when examining
group differences, the average participant in this group had one
more year of Python experience than the average participant
from the Novice group. Therefore, the average control group
participant would in theory need less assistance and aid when
completing simple Python coding tasks.

Task Experienced  Novices
Task 1 30% 67%
Task 2 60% 89%
Task 3 80% 100%

EXPERIENCED GROUP SURVEY RESULTS.

Novice programmers further expressed that the Al assitance
really helped in the completion of tasks, particularly Task 2
(78% of respondents). This is an interesting result; it points
to Al code assitance chatbots more effective in some specific
areas than others (e.g., Task 1 vs. Task 2), and that interacts
with the kinds of things that Novice programmers may be
comfortable doing (simple scripts as in Task 1) or find more
complicated (writing classes as in Task 2), therefore necessi-
tating help from the Al tool. Overall, the Al usage among the
Novice group proved quite insightful, as those with little to no
Python experience could still complete tasks at similar success
rates compared to those more experienced in the language.

Finally, we include some of the open-ended feedback feed-
back from the participants in both groups. Some Experienced
group testimonials were as follows:

o “What took the longest was understanding what a perfect
integer is”
o “what is a perfect square”



o “Time constraints, had to skip task 2”

Two of the above comments are related to Task 3 and the
specific terminology associated with that task. Some Novice
group testimonials were as follows:

e “LLM’s are way to[o] good, I am truly shocked by how
good they are”

o “the chatbot showed me how to do a def _init__ for
question 2 and how to check the type of a variable for
question 3”

o “the chatbot doesn’t always give you exactly what you
want compared to others i have used e.g chatgpt. I had
to re ask specifically what i wanted before it gave them
to me”

o “T am not very familiar with Python, but the Al made it
easier to understand conventions.”

F. Discussion

Given the findings of our evaluation surrounding the use-
fulness of Al in aiding individuals as they program, a key
takeaway is that there is great potential in generative Al
tools and software for this use case. Our goal was to provide
access to such tools as local applications that anyone could
utilize without excessive or exhaustive overhead on one’s
own personal machine. The results of our evaluation were
interesting, as both the Experienced and Novice groups were
surprisingly similar. Neither considerably outperformed the
other, both in task completion rates and total time. When
taking a closer look, the group with access to Al tools had
a massive difference in technical and target programming
language experience. Specifically, the great majority of partic-
ipants using the Al tools had little to no target programming
language experience (or general coding experience), while the
control group had a great majority of at least one or more years
of target programming language experience (and much more
general coding experience). Given this key information, it’s
telling that those with much lower technical experience, with
access to Al, can perform somewhat on par with those having
greater technical experience gained from years of practice.

However, a critical item missing from our evaluation is
retention of knowledge. Given our intent to illustrate AI’s
usefulness in the classroom, the question remains: did the users
in the experiment group learn anything valuable about Python
programming as a result of their interaction with Code Llama?
We leave this important pedagogical question for future work.

V. LIMITATIONS & ETHICAL CONSIDERATIONS

It should be noted that while we evaluated these chatbots
using a standard process, this process did not emulate or take
place in an educational setting. We performed these evaluations
to test the ability of code-based chatbots on various problems
from CS assignments. These evaluations were not done with
groups of randomly selected students in a particular cirriculum.
This means that results of this study, while informative, are

not from a classroom setting and are not representative of all
possible use cases.

While we did not encounter any incidents of offensive or
harmful output occurred, it is important to note that chatbots
are based on models trained on data gathered from the Internet,
and as such may contain harmful, offensive, or toxic content.
The chatbots used in this study may have learned these harmful
biases, and may repeat them in response to certain prompts.
As noted in the Experiments section, we found that the code-
based chatbots also generate incorrect output, information,
and code snippets, which may confuse or mislead unknowing
or unsuspecting students. We should also note that code-
based chatbots could also be abused by students to create
harmful output, write malicious code, or use them to cheat on
programming assignments and exams. We strongly encourage
that any faculty who wants to use this technology take these
issues into account before applying it to their classrooms.

VI. CONCLUSION

We systematically evaluated 4 open-source coding language
models on existing CS assignments. The results showed gener-
ally that the models were useful, though with nuanced results
depending on the model and assignment. The models could
handle easier assignments, which has implications for new
students who might use code assistants as a tool as they learn
to program but incorrectly assume that the code assistant can
solve all coding problems as they become more complex. We
then evaluated the best model—Llama—with human partici-
pants grouped into Experienced and Novice programmers, and
found that the Al tools aided the Novices to be comparable in
time efficiency and task completion.

The results from this study could be used as initial informa-
tion for future work involving studies between chatbots and
students, potential ways to improve code-based chatbots to
better suit a CS department’s needs, and give helpful insights
that could help CS departments adapt their education.

Future work can expand on this study by conducting a larger
study with students in which they can use code-based chatbots
to solve programming problems and give feedback about their
experiences. This work would allow students to give feedback
on the effectiveness and quality of using this technology from
their perspective. We are cautiously optimistic that these future
directions of work could give CS education institutions the
information and tools they need to apply code-based chatbots
in their curricula while mitigating potential harms.
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