Large Language Models

(Part 3)

April 16, 2026



Announcements

+ Final Project Checkpoint 3 (code + outline/draft) due Friday, April 17 11:59pm
+ Final Project Presentations on April 23 and 28
+ AI@ND Showcase:

+ When: Monday, April 20 from 12:00pm - 5:30pm

+ Where: Hesburgh library 2nd floor

+ What: talks, student prompt-a-thon ($1000 in prizes), training classes

+ More info: https://ai.nd.edu/participate/ai-showcase/



https://ai.nd.edu/participate/ai-showcase/

Plan for today

+ Review of last class: supervised fine-tuning of LLMs
+ Our goals today:

+ Fine-tuning with RLHF

+ Beyond fine-tuning: methods for further improving LLMs
+ Next time:

+ What are LLM agents?

+ Creating your own LLM agents



Review: Supervised Fine-tuning



Main approaches for fine-tuning

Fine-tuning methods

/\

Supervised
fine-tuning (SFT)

use labeled data (e.g., prompt-response
pairs) from a specific task/domain to
adjust the learned weights in the model



Supervised fine-tuning (SFT)

How do we update the model weights when fine-tuning?
Full fine-tuning Parameter-efficient fine-tuning (PEFT)

(Update all model parameters) (Partially update model parameters)
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Main approaches for fine-tuning

Fine-tuning methods

/\

Reinforcement learning with
human feedback (RLHF)

use human feedback to
adjust the weights in the
model



Review: Fine-tuning with RLHF



Reinforcement learning with human feedback

Step 1
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Figure source: Ouyang et al. (2022)



https://arxiv.org/pdf/2203.02155

Reinforcement learning with human feedback

Given pre-trained model:

1. Collect human feedback
2. Train reward model to mimic human preferences

Figure source: OQuyang et al. (2022)

Steps 1-2

A prompt and several
model outputs are
sampled.

A labeler ranks the
outputs from best
to worst.

This data is used to

train our reward model.

th
./
Explain reinforcement
learning to a 6 year old.



https://arxiv.org/pdf/2203.02155

Reinforcement learning with human feedback

Steps 1-2
Given pre-trained model: A prompt and several 3
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Figure source: Quyang et al. (2022)



https://arxiv.org/pdf/2203.02155

Reinforcement learning with human feedback

Given pre-trained model:

1. Collect human feedback

2. Train reward model to mimic human preferences

3. Fine-tune model using reinforcement learning
a. Feed training samples through model

b. Model generates outputs

LLM
Once upon
d) Write a story a time
)
(n about otters W/

|

A new prompt is
sampled from
the dataset.

Figure source: Quyang et al. (2022)

The policy
generates an
output.

Steps 1-2

A prompt and several
model outputs are
sampled.

A labeler ranks the
outputs from best
to worst.

This data is used to

train our reward model.

F
x/
Explain reinforcement

learning to a 6 year old.

........
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https://arxiv.org/pdf/2203.02155

Reinforcement learning with human feedback

Given pre-trained model:

1. Collect human feedback

2. Train reward model to mimic human preferences
3. Fine-tune model using reinforcement learning

a. Feed training samples through model
b. Model generates outputs
c. Outputs get scored by reward model

LLM
Once upon
d’ Write a story a time
)
U) about otters W

e

A new prompt is
sampled from
the dataset.

Figure source: Quyang et al. (2022)

The policy
generates an
output.

The rewards model
calculates a reward
for the output.

The rewards is
used to update
the policy using
PPO.

Steps 1-2

A prompt and several
model outputs are
sampled.

A labeler ranks the
outputs from best
to worst.

This data is used to

train our reward model.

~
L

Explain reinforcement
learning to a 6 year old.

Explain rewards...
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Reinforcement learning with human feedback

Given pre-trained model:

1. Collect human feedback

2. Train reward model to mimic human preferences

3. Fine-tune model using reinforcement learning

a. Feed training samples through model
b. Model generates outputs
c. Outputs get scored by reward model
d. Update model to maximize reward
Proximal policy optimization (PPO)
/ \ nce'upon
% W.,o - NS ™ &

A new prompt is
sampled from
the dataset.

Figure source: Quyang et al. (2022)

The policy
generates an
output.

The rewards model
calculates a reward
for the output.

r

The rewards is
used to update
the policy using
PPO.

Steps 1-2

A prompt and several
model outputs are
sampled.

A labeler ranks the
outputs from best
to worst.

This data is used to

train our reward model.

F
x/
Explain reinforcement
learning to a 6 year old.
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https://arxiv.org/pdf/2203.02155

Beyond Fine-Tuning:
How can we improve the LLM without adjusting the weights?

15



Other techniques to improve LLMs in practice: prompting

16



Other techniques to improve LLMs in practice: prompting

Prompt engineering: improves LLMs without re-training or fine-tuning

+ Be as clear and as specific as possible
+ Ex: Each of the following prompts will give very different outputs (see ChatGPT responses)
o "Explain prompt engineering."
o "Explain prompt engineering to a group of senior undergraduates and graduate
students in a data science class."
o "Explain prompt engineering in simple words, like I'm a 10-year old."

16


https://chatgpt.com/share/67f7fa8a-7344-8008-87f1-ff921e1fac2f

Other techniques to improve LLMs in practice: prompting

Prompt engineering: improves LLMs without re-training or fine-tuning

+ Be as clear and as specific as possible
+ Give examples (aka few-shot demonstrations, in-context learning)

, Classify this review:

" L}
: Sentiment: " ——

Classify this review:

A boring movie that took three hours of
my life.

Sentiment: [ Negative '

17
Figure Source: Armine Papikyan (2025)



https://www.superannotate.com/blog/llm-fine-tuning

Other techniques to improve LLMs in practice: prompting

Prompt engineering: improves LLMs without re-training or fine-tuning

+ Be as clear and as specific as possible
+ Give examples (aka few-shot demonstrations, in-context learning)
+ Use chain-of-thought prompting

Standard Prompting Chain-of-Thought Prompting
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?

A: The answer is 11. A:
The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
- \do they have?

J

The

\answer is9. ¢ j 18

Figure Source: Wei et al. (2023)



https://arxiv.org/pdf/2201.11903

Other techniques to improve LLMs in practice: prompting

Prompt engineering: improves LLMs without re-training or fine-tuning

+ Be as clear and as specific as possible

+ Give examples (aka few-shot demonstrations, in-context learning)
+ Use chain-of-thought prompting

+ Use key phrases (e.g., "Think step-by-step")

From ChatGPT:

Give a short list of helpful phrases for prompt engineering

Here's a short list of helpful phrases for prompt engineering:

1.
2.
3.

© ©® N o o »

10.

"Compare and contrast..." — To get a side-by-side analysis.
"Explain how to..." - For step-by-step instructions.

"What are the pros and cons of..." - To explore advantages and disadvantages. httDS: //WWW. D rom Dtl n QQU i d e.a | /

"Generate a list of..." - When you need a list of items or ideas.

"Describe in detail..." - To encourage detailed and specific answers.
"Summarize the key points..." — For concise and focused responses.

"Give examples of..." - Useful for clarifying or illustrating concepts.

For more on prompting:

"Provide alternatives to..." — For exploring other options or ideas.
"Rewrite this as..." - For rephrasing or changing the style/tone.

"Create a scenario where..." — For hypothetical or creative contexts.
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https://www.promptingguide.ai/

Other techniques to improve LLMs in practice: RAG

Retrieval Augmented Generation (RAG): combines natural language generation
and information retrieval to ensure LLMs are better grounded by external up-to-
date knowledge sources

What can | help with?

Provide a list of references about retrieval augmented generation

|Ask anything

20



Other techniques to improve LLMs in practice: RAG

Retrieval Augmented Generation (RAG): combines natural language generation
and information retrieval to ensure LLMs are better grounded by external up-to-

date knowledge sources

What can | help with?

|Ask anything

o 1. Query
8 Q@

User Retrieval Model

2. Search |

Knowledge Base

Provide a list of references about retrieval augmented generation

Pre-trained LLM

3. Relevant doc

chunks

20



Other techniques to improve LLMs in practice: Reasoning

Reasoning: the latest "frontier" of LLM research - how do we teach LLMs to

reason logically and think about the intermediate steps to arrive at an answer/
response

What can | help with?

|Ask anything

21



Other techniques to improve LLMs in practice: Reasoning

Reasoning: the latest "frontier" of LLM research - how do we teach LLMs to

reason logically and think about the intermediate steps to arrive at an answer/
response

+ Chain-of-thought prompting: prompt the model with "Let's think step-by-step..."
Example:
Question: If there are 3 red balls and 2 blue balls, and you take one out randomly, what is the

probability it is red?
Prompt: Let's think step-by-step...

22
Examples from ChatGPT



Other techniques to improve LLMs in practice: Reasoning

Reasoning: the latest "frontier" of LLM research - how do we teach LLMs to
reason logically and think about the intermediate steps to arrive at an answer/
response

+ Chain-of-thought prompting: prompt the model with "Let's think step-by-step..."
+  Few-shot prompting: prompt the model with a few correct examples

Example:

vbnet @ Copy » Edit

Q: Tom is taller than Jerry. Jerry is taller than Max. Who is the tallest?
A: Let's think step-by-step...
Tom > Jerry > Max - Tom is the tallest.

Q: Sarah is older than Emma. Emma is older than Olivia. Who is the oldest?
A: Let's think step-by-step...
Sarah > Emma > Olivia - Sarah is the oldest.

Q: Alan is faster than Brian. Brian is faster than Carl. Who is the fastest?
A: Let's think step-by-step...
p-by-step 23

Examples from ChatGPT



Other techniques to improve LLMs in practice: Reasoning

Reasoning: the latest "frontier" of LLM research - how do we teach LLMs to

reason logically and think about the intermediate steps to arrive at an answer/
response

+ Chain-of-thought prompting: prompt the model with "Let's think step-by-step..."
+  Few-shot prompting: prompt the model with a few correct examples

+ Self-consistency: ask the model multiple times (using temperature > 0) and pick the
most common conclusion

24
Examples from ChatGPT



Other techniques to improve LLMs in practice: Reasoning

Reasoning: the latest "frontier" of LLM research - how do we teach LLMs to
reason logically and think about the intermediate steps to arrive at an answer/
response

+

e

+

Chain-of-thought prompting: prompt the model with "Let's think step-by-step..."
Few-shot prompting: prompt the model with a few correct examples

Self-consistency: ask the model multiple times (using temperature > 0) and pick the
most common conclusion

ReAct (reasoning + acting): let LLMs alternate between thinking and using tools (e.g.,
calculator, search)

Example:

"To answer this, | need to know the capital of Albania. Let me look it up." - Uses tool - Returns
"Tirana"

Examples from ChatGPT
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Other techniques to improve LLMs in practice: Reasoning

Reasoning: the latest "frontier" of LLM research - how do we teach LLMs to
reason logically and think about the intermediate steps to arrive at an answer/
response

+ Chain-of-thought prompting: prompt the model with "Let's think step-by-step..."
+  Few-shot prompting: prompt the model with a few correct examples

+ Self-consistency: ask the model multiple times (using temperature > 0) and pick the
most common conclusion

+ ReAct (reasoning + acting): let LLMs alternate between thinking and using tools (e.g.,
calculator, search)

+ Socratic Questioning: ask the model to ask itself questions, critique its own answer,
or generate a counter-argument as it reasons

Examples from ChatGPT

26



A basic development pipeline using LLMs
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What does this look like in practice?
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Multimodal models
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https://arxiv.org/pdf/2303.18223

