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Abstract—In this Innovative Practice WIP paper, we present 

a comparison study of large language models (LLMs) to see 

which would respond best to questions posed in classes. While the 

ultimate goal of the project is to develop classroom chatbots 

using LLMs, the first step, presented here, is to evaluate different 

models for multiple topic areas and select a few of them for 

further development.  

In this preliminary work, we cover two subject areas: signal 

processing and differential equations. We take slightly different 

approaches to each area so we can get a better understanding of 

the range of capabilities of the LLMs. For signal processing, we 

use custom open-source LLMs and the free version of OpenAI’s 

ChatGPT 3.5. All models we use here are free. However, 

significant coding and processing power is required to implement 

the models in this method. On the other hand, for differential 

equations, we compare the paid version of ChatGPT 4.0 and 

compare that with a custom GPT, also from the paid version of 

ChatGPT. In this case, there is no requirement for coding skills. 

However, a monthly fee is required.  

We evaluated the LLMs by testing them on question batteries 

of different difficulty levels. We found that all the models 

function well when the questions are simple and drawn directly 

from the source material. However, as the difficulty level of the 

questions increases, the “better” models in terms of training and 

parameters perform better, making a case for better training, 

but both ways of training come with costs. The results from this 

evaluation will be presented at the conference. 

Future work involves further development of these models 

into more interactive chatbots and their deployment in 

classrooms for preliminary evaluation.  

Keywords—undergraduate, large language models, chatbots, 

performance comparison, signals and systems, differential 

equations 

I. INTRODUCTION  

 LLMs, including GPT (Generative Pre-trained 
Transformer), BERT (Bidirectional Encoder Representations 
from Transformers), and LLaMa (Large Language Model 
Meta AI) are advanced AI models that can be trained to 
generate human-like text [1]. They offer instant feedback and 
interact with users in a conversational manner, which can be 

leveraged for interactive learning and increasing student 
access and opportunities. 

 

Figure 1. Example output from a custom-trained LLaMa-2 
large language model. The correct answer is “No”, and we 
can see the model included a justification for the response. 

 

 The ultimate goal of this project is to develop a “classroom 
assistant” chatbot. This chatbot will be able to provide 
students with answers to simple questions, so that (a) students 
interact with a chatbot that they find less intimidating than 
interacting with course staff; (b) students have access to this 
resource 24x7; and (c) instructor and Teaching Assistant time 
when interacting with students is spent answering more 
complex questions.  

The first step towards building this chatbot, covered in this 
Work-in-Progress paper, is to evaluate the suitability of 
different LLMs to be effective chatbots. We consider (1) 
OpenAI’s pre-trained LLM, ChatGPT 3.5 with no additional 
training provided [16]; (2) a non-customized version of 
OpenAI’s ChatGPT 4 [14]; (3) a customized version of 
ChatGPT 4 [13]; and (4) a custom-trained open source LLM, 
namely Meta’s LLaMa-2 [15] (see Figure 1).  

To test the suitability of these different models, we use 
both quantitative and qualitative methods. For the quantitative 
evaluation, we ask these different LLMs (1) short questions in 
both multiple-choice and fill-in-the-blank formats; and (2) 
open-ended problems and questions that require some 
analysis. We evaluate the outputs obtained and consider the 



accuracy of the output and the cost in terms of fees to access 
the models and computational resources/effort needed. Care 
was taken to train with equivalent data as far as possible. From 
this step, a smaller number of LLMs will be shortlisted for 
further evaluation, as described below.  

 To assess suitability as a “classroom assistant” chatbot, we 
will have students interact with the shortlisted LLMs in the 
Fall semester of 2024. We will conduct this exercise in two 
locations, both small private engineering universities in rural 
settings. One university will use material in signal processing 
and the other will use material in applied differential 
equations. We will use surveys to get feedback on student 
experiences with this tool. Student experience in both 
locations will also be compared.  

 The rest of this paper is organized as follows. An overview 
of large language models is provided in Section II. The use of 
LLMs for course topics and our training and evaluation 
methods are presented in Section III. Preliminary results from 
the benchmarking (cost, time, and accuracy) are shown here. 
Concluding remarks are in Section IV and the results from 
student interactions will be presented at the conference. 

 

II. LARGE LANGUAGE MODELS  

A. Large Language Models 

 LLMs are sophisticated artificial intelligence systems 
designed to understand and generate human-like text. These 
models are at the forefront of natural language processing 
(NLP) research and have achieved remarkable results in 
various language-related tasks such as text generation, 
translation, summarization, and question-answering. In large 
part, this is due to the fact that LLMs are trained on massive 
datasets of text, code, and other mediums, often exceeding 
terabytes in size [1].  

 At the core of LLMs lies a transformer architecture, which 
facilitates the processing of input sequences and the 
generation of output sequences [1]. The model consists of 
multiple layers of self-attention mechanisms and feed-forward 
neural networks, enabling it to capture contextual information 
and generate text word-by-word. During the pre-training 
phase, the model learns to predict the next word in a sequence 
given the preceding context, which helps it develop a deep 
understanding of language semantics and syntax. The network 
uncovers the statistical relationships between words in the 
massive datasets used for training. This allows the prediction 
of the next words in sequences with remarkable accuracy, 
making it ideal for translating languages while preserving 
meaning and nuance, or answering questions comprehensively 
and in informative ways. 

 Current work in the field includes few-shot learning 
techniques, which enable LLMs to adapt to new tasks with 
minimal additional training data, through a process known as 
fine-tuning [2] and the validation and verification of LLM 
outputs [3].  

B. Advantages and Disadvantages 

 LLMs offer several advantages, revolutionizing natural 
language processing (NLP) tasks and enabling novel 
applications across diverse domains. These models excel in 
tasks such as text generation, translation, summarization, and 
sentiment analysis, thanks to their ability to capture complex 
language patterns and semantics. LLMs are able to be adjusted 
for specific tasks with minimal additional training data. 
Resources such as OpenAI’s ChatGPT [14], Google’s Gemini 
[17], and Meta’s Llama models [4] make LLMs widely 
accessible. 

 Despite their many advantages, LLMs also come with 
several limitations and challenges. One notable concern is the 
potential for bias and ethical issues in generated text. LLMs 
trained on large corpora of internet data may inadvertently 
perpetuate stereotypes or generate offensive content [21]. 
Addressing bias in LLMs requires careful curation of training 
data and the development of mitigation strategies to ensure 
fair and unbiased text generation [5, 6]. LLMs also can exhibit 
a phenomenon known as hallucination, where they generate 
output that appears coherent at first glance but lacks factual 
grounding [21]. This mainly stems from limitations in the 
training data or the inherent challenge of translating statistical 
patterns into truth. Mitigating this type of risk requires users to 
be critical of LLM outputs and cross references with verifiable 
sources for confirmation. Another challenge associated with 
LLMs is their computational resource requirements. Training 
and fine-tuning large-scale models like GPT-4 demand 
substantial computational power and energy consumption and 
have large latency [7].  

C. Pre-Training LLMs 

Pre-training an LLM involves a colossal dataset of text and 
code, often exceeding terabytes in size. This data encompasses 
books, articles, web text, code repositories, etc. The model 
learns to predict the next word in a sequence given the 
preceding context, using techniques like self-attention 
mechanisms and transformer architectures, using massive 
amounts of unlabeled text data [1]. Pre-training enables the 
LLM to develop a general understanding of language 
semantics and syntax, which can then be fine-tuned for 
specific tasks [8].  

An important aspect of pre-training is unsupervised 
learning, which empowers an LLM with the ability to uncover 
patterns and relationships on its own and to learn the 
fundamentals of language structure and statistical relationships 
between words. An obvious advantage is that less data 
preparation is required. Massive unlabeled datasets that are 
readily available allow for broader language understanding. 
This method requires large computational resources and 
careful design of pre-training objectives. Additionally, 
learning can be less targeted but requires fine-tuning for 
specific tasks. 

D. Fine-Tuning LLM Models  

Fine-tuning is accomplished by supervised learning which 
requires labeled examples, where each piece of text has a 



corresponding label indicating its function or meaning [9]. 
Fine-tuning typically requires less data and computation than 
pre-training, provides precise control over model behavior, 
and provides high performance on well-defined tasks.  

 One method for fine-tuning is Retrieval-augmented 
generation (RAG), which combines elements of traditional 
language model-based generation with retrieval-based 
methods [10]. In RAG, a retriever component is used to 
retrieve relevant context or information from a large 
knowledge base when presented with a query, which is then 
incorporated into the generation process of the language 
model [11, 12]. 

III. LLMS FOR COURSE MATERIAL 

In this paper, we present our preliminary work in 
comparing the performance of multiple generative AI LLMs 
for two content areas: signal processing and differential 
equations.  

A. Signal Processing 

 For this area, we used four LLMs, two commercially 
available LLMs, OpenAI’s ChatGPT 3.5 and Google's 
Gemini, and two instances of Meta’s LLaMa 2 with 13 billion 
(13B) parameters that were fine-tuned on local machines. We 
queried ChatGPT and Gemini via their respective vendor web 
user interface. To differentiate between the two LLaMa 
models, we name them LLAMA-Notes and LLAMA-
Textbooks. Both utilized semantic search with RAG [10]. 
LLAMA-Notes utilized class notes, quizzes, exams, lecture 
transcripts, and a Signals and Systems textbook, all formatted 
in PDF. LLAMA-Textbooks used over a dozen open-sourced 
books, both from signals and systems and prerequisite courses, 
all in PDF format. 

 Questions were sampled from former quizzes and exams. 
The questions were split into two groups based on difficulty 
levels. Questions in the first group were simpler and tested 
recall. Questions in the second group were more open-ended 
and required some analysis. Questions with mathematical 
symbols were converted to an inline text notation, pseudo 
LaTeX e.g. e^{jω} + e^{-jω},  so they could be queried by the 
four LLMs that we used. Some questions referenced 
supplementary images. Only Gemini was able to accept 
images along with text prompts. Gemini was also able to refer 
to online references and usually referenced relevant websites.  

 Overall, ChatGPT 3.5 and Gemini answered most 
questions correctly, but the discussion associated with each 
response varied in length and accuracy. There were instances, 
similar to real-life student responses, where the answer was 
correct, but the explanation was not. Gemini by default 
seemed to be less formal and more conversational, although 
these settings can be modified. LLaMa-Notes was the worst 
performer. We can explain these results due to the fact that 
LLaMa-Textbooks was augmented with multiple textbooks 
from this course as well as prerequisite courses. Naturally, 
there is some information that is lost when filtering academic 
settings, i.e. some chapters are briefly covered, or not at all.  
Selected questions and the performance comparison of the 

four models are presented in Table I. We also saw some 
interesting results from LLaMa-Notes, which sometimes  

Table I. Question topics, and comparison of responses from 
four LLMs. Each LLM responded with an answer and a 

discussion. Fully correct responses are marked with a green 
box, fully incorrect answers with a red box, and partially 
correct responses (either the answer or the discussion is 

correct, and the other is not). 

Question 
Topic 

ChatGPT 
3.5 

Gemini LLaMa- 
Textbooks 

LLaMa
-Notes 

Linear 
Algebra 

    

Calculus     

Impulse 
Function 

    

Trig 
properties 

    

Optimum 
values 

    

Periodicity     

Fourier 
computation 

    

 

referenced class notes in interesting ways. For example, in 
response to one question, the LLM responded with the 
following: “According to the context, Mahesh K. Banavar 
states that the Fourier series is not continuous in frequency for 
a square wave. However, for a triangle wave, the Fourier 
series is continuous in frequency, as shown by Mahesh K. 
Banavar's example using the first five terms of the Fourier 
representation.” While this discussion is incorrect, it is 
interesting to see an effort for conversation and an effort to 
summarize the notes. 

1. Limitations: We would like to note here that the 
quality of the training and supplementary data has a role in the 
quality of the outputs. Our implementation ignored 
handwritten notes overlaid in the course material, as well as 
images presented in lecture slides.  Having example questions 
and text-based answers would aid in semantic searches. Where 
available, we used lecture transcripts but additional data was 
lost, such as supplementary whiteboard notes, lecturer 
gestures, and tonal emphasis, as well as questions raised by 
students. Additionally, some audio was lost when the 
presenter or students were away from the source microphones. 

Running LLMs on local machines often requires 
significant computational resources. Cloud-based LLMs, such 
as Gemini and ChatGPT, alleviate the need for local hardware. 



They do however introduce some latency as queries must pass 
through a network. Local instances can have lower latency, 
but can rarely compete with the computing power and speed 
of commercial cloud-based LLMs. Specific to our work, we 
note that ChatGPT and Gemini benefit from the vast 
computational power of data centers, enabling them to handle 
larger models and more complex tasks efficiently. They also 
have the added benefit of learning from millions of prompts 
generated by hundreds of thousands of users. 

Conversely, one benefit of executing a local LLM is 
improved privacy. When using web-based LLMs, prompts 
entered are sent to remote servers. Local processing offers 
greater control over user data and avoids potential privacy 
risks associated with online implementations. 

B. Differential Equations 

This research examines the effectiveness of Large Language 
Models (LLMs), specifically two flavors of ChatGPT-4, in 
enhancing the learning experience for students in differential 
equations. Our research is centered on two versions of 
ChatGPT: the standard model and a fine-tuned variant 
specifically tailored to handle differential equations, referred 
to as “DiffEq” (see Figure 2).  

 

Figure 2. Our customized differential equation GPT 
(“DiffEq”). ChatGPT-4 was fine-tuned with training data 
specific to differential equations to develop this custom 
LLM. The model was created by co-author AlMomani. 

 

1. Fine-Tuning Process: The fine-tuning of the “DiffEq” 
model was meticulously designed to align closely with the 
specific needs of a differential equations course. The process 
involved curating a diverse dataset comprising online 
resources, textbooks, and lecture notes pertinent to differential 
equations [18-20]. This targeted training approach aimed to 
enhance the model's proficiency in not only recognizing 
specific types of equations but also in applying systematic 
methods to solve them, thereby ensuring it could function as 
an effective class chatbot. 
 

2. Evaluation Methodology: Our evaluation framework 
was structured in two distinct phases to assess both the general 
and fine-tuned models: 
a) Phase 1: Multiple-choice questions were used to gauge 

the models for immediate comprehension and their ability 
to identify key concepts in differential equations 

accurately. A set of 26 questions was selected from 
sources external to the training data to avoid bias. This 
phase served as a preliminary measure of each model's 
basic understanding and recall abilities. The general 
ChatGPT-4 model achieved an accuracy of 85%, while 
the DiffEq model demonstrated superior performance 
with an accuracy of 96%. 

b) Phase 2: The second phase involved more complex, open-
ended problems requiring detailed, step-by-step solutions. 
This phase was crucial in assessing the models' ability to 
engage in deeper reasoning and explanatory processes. 
The problems selected tested various capabilities, 
including handling initial value problems (IVPs) and 
algebraic simplifications within differential equations. For 
example, in solving the initial value problem, �′′ � 4�′ �
4� � 0, �	0
 � 12, �′	0
 � �3, both models performed 
well under varying initial conditions, although “DiffEq” 
tended to provide more concise and targeted explanations. 

A particularly illuminating comparison arose with the 
problem, 2� 	��/��
 � � � 3, which tested algebraic 
manipulation skills. Here, DiffEq outperformed the general 
ChatGPT-4 model, which struggled with some of the more 
intricate algebraic simplifications, underscoring the 
effectiveness of the fine-tuning process. 

These results highlight the significant benefits of fine-
tuning LLMs like ChatGPT for specific academic disciplines. 
The enhanced performance of the DiffEq model in both the 
multiple-choice and problem-solving tests illustrates its 
potential as a valuable tool for educational support in 
differential equations courses. The fine-tuning process, by 
focusing on relevant content and problem-solving 
methodologies, equips the model with a deeper understanding 
and an improved ability to navigate this task. 

 

These results not only reaffirm the capabilities of LLMs in 
educational settings but also open avenues for further 
exploration into subject-specific adaptations of AI 
technologies, aiming to create more effective, personalized 
learning aids for students across various academic disciplines. 

 
IV. CONCLUSIONS AND FUTURE WORK  

In this work, we compared six different LLMs in two topic 
areas.  For signal processing, we used four models: two were 
commercially available (ChatGPT and Gemini) and two were 
custom-trained versions of Meta's LLaMa-2 13B models. 
LLMs were trained on different datasets: solely textbooks vs 
primarily class notes. Overall, ChatGPT and Gemini 
performed well but justifications varied. Gemini offered more 
conversational explanations. LLaMa-Notes performed the 
worst, likely due to less comprehensive information, and 
sometimes referenced notes in unexpected ways, showing 
potential for discussion-based learning. 

In the fall semester, we will shortlist and further develop 
LLMs, and have students interact with them. Student feedback 
will be presented at the conference and will guide our work in 
developing the course assistant chatbots. 
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