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What is supervised learning?
What is an LLM?

What is pre-training?

LLM Fine-Tuning

What is post-training? What is fine-tuning??

What is an agent? | |
What is tuning?
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v

@ Harvad SEAS




Math
I
Code
I

Legal Documents

Base LLM

@ Harvad SEAS




Behavior

Instruction Tuning

prompt
'Can you explain what a neural network is in simple terms? E
Instruction Tuned LLM
output output

EI have a vague idea but I’'ve yet to
'‘completely understand 1it.
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EA neural network is a system of connected unitsi
'that learn patterns from examples, :
.51m11ar to how the brain processes information. !



Behavior

Instruction Tuning

I . Both models understand English.
. Only one of them is trying to do
what we asked.

'PROMPT Rewrite the sentence below as a polite email
.request Keep it to one sentence, under 20 words.

“Send me the assignment deadLine.”
-ANSWER

.H1 I was wondering if you could send Hi, could you please let me know the
-me the assignment deadline when you

'assignment deadline?
'have a chance.
LA D n S Ia-b- _________________________________________
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Self-Supervised
Fine-Tuning
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