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Large language models in a nutshell

1. ChatGPT is a "large language model"

2. LLMs are big , deep neural networks

3. Neural networks are excellent approximators
of super complicated functions.

4. They're just a bunch of matrixbasically J
multip lications .



LLMs are super surprising !

↑

-

Log scale :
many orders
ofmagnitude pink line shows

random performance



Most LLMs are based

on "transformers"
this is a
famous
diagram X

I

↓
Google, 2017



Transformer

encoder/decoder
decoder only



The are many
different

LLMS



Let's get a

~ feeling for how
nerval networks

work

http : //playground
· tensorflow
· org



Most of the exciting advancements
in Al recently use "deep" neural networks

3b/b link



(J

"GPUs are what make-

deep learning ! LLMs
*

possible 6
,
912 cores on

this thing !
L

* also lets your kid play high-res minecraft



Let's write A neural
network to classify
handwritten digits

http : //ygelp.
Kyle .

pub/n 1



RNNs are useful

O



RNN Internals
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-
The "T" in
ChatGT is

RNNs < Transformers most ly
-Transformer"

But they're a
PITA to train Transformers

RNNs were work better

state of the art
2

S



~
Eagle-7B RNNs are maybe

not done yet !

nice

scalability !
~

beats similar-sized
transformer models

~



Let's teach an RNN
to write (shoddy)
Shakespeare

http : //ygelp.
Kyle .

pub/n2



Neural networks be like ...

Text
1)

"embeddings is
how we turn

text -> numbers

Numbers
<



python       = [1,0,0,0,0,0,0,0,0,0,0]
consistently = [0,1,0,0,0,0,0,0,0,0,0]
ranks        = [0,0,1,0,0,0,0,0,0,0,0]
as           = [0,0,0,1,0,0,0,0,0,0,0]
one          = [0,0,0,0,1,0,0,0,0,0,0]
of           = [0,0,0,0,0,1,0,0,0,0,0]
the          = [0,0,0,0,0,0,1,0,0,0,0]
most         = [0,0,0,0,0,0,0,1,0,0,0]
popular      = [0,0,0,0,0,0,0,0,1,0,0]
programming  = [0,0,0,0,0,0,0,0,0,1,0]
languages    = [0,0,0,0,0,0,0,0,0,0,1]

python       = [ 0.85, -0.24,  0.67,  0.12, -0.01]
consistently = [ 0.15,  0.30, -0.75,  0.60,  0.00]
ranks        = [ 0.48,  0.10,  0.50, -0.85,  0.20]
as           = [-0.25,  0.98,  0.05,  0.40, -0.15]
one          = [-0.10, -0.50,  0.45,  0.25,  0.65]
of           = [ 0.30, -0.10, -0.20,  0.50,  0.70]
the          = [ 0.00,  0.00,  0.00,  0.01,  0.99]
most         = [ 0.40, -0.55,  0.35,  0.15, -0.45]
popular      = [ 0.60, -0.30,  0.25, -0.70,  0.35]
programming  = [-0.45,  0.40, -0.65,  0.50, -0.30]
languages    = [ 0.50,  0.20, -0.10, -0.60,  0.40]

...
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numbers
the previous -
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LLMs use dense embeddings/
---
dense vectors

vectors to represent words... capture word relatedness

cat
T

↑
dog

·
dog = [0 .76

,
1 . 4

,
-0 .7 .... 1 .4

,
0 .1]

-
A "vector" is just a big

& list of numbers for our

purposes .

&

refrigerator



Word2vec was

published in 2013 It received four It won the

"Strong rejects
CC

NeurIPS

despite 70%% "test of time"
If

acceptance rate! award on its

10th anniversary
-

40k
citations !

-



word2vec's skipgram with negative sampling

-

the
one-hot

&

input love

I Yate

vector car

Fnoise -

awesome I
&

haven #

f



We can even do

algebra with dense
word embeddings



Let's see some
word embeddings

http : //ygelp.
Kyle .

pub/n3



/

But our embeddings - -
attention" helps them

are a bit "dumb".. become"context aware
'I

↓A

The chips are
dial A fabricated in

the clean room .
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Let's visualize the GPT-2
attention mechanism

http : //ygelp.
Kyle .

pub/n4



Most LLMs are based

on "transformers"
this is a
famous
diagram X

I

↓
Google, 2017



Transformer

encoder/decoder
decoder only



L/ lookat
e



Training

Llama-1
Llama-2
->



-
post-

training



T
o



Let's play with some
transformers !

http : //ygelp.
Kyle .

pub/n5



Stuff you should be playing withh...

· Language models Gemini ! Norman Rockwell
Bard· ChatGT4 · Google- stormtrooper

· Anthropic Claude · Mistral Mixtral family dinner
· Meta Llama · GitHub Copilot

· Local inference ~
· Ollama · LMStudio

· GPT 4All · Llama.pp
· Llamafile

· Image generation
· Midjourney
· Dall-E

· Stable diffusion



GPQA: A Graduate-Level Google-Proof Q&A Benchmark https://arxiv.org/abs/2311.12022

New Claude

beats ChatGT4

~

mad

7
GPQA
score !



LLMs are

~getting smaller



Open source/
-

weights is

proving difficult
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One million token

~ context length!

O(n)
= g

mam ba...
-
-



E -1
,

0
,
13

LExpect rapid
~ miniaturization

0. 5423215967 ---

--
I

↓
0 .5423

# O(n)



System prompts
really matter !
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Let's make a
RAG app

http : //ygelp.
Kyle .

pub/n6



Agents are just LLMs that
can speak to each other and

maybe have other skills

D O --DI/III- =

-

-
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In the NCATS PubChem compound database for Food Additive Status classification, find the compound that has a 
molecular weight of 100 g/mol or less, 6 heavy atoms, 1 or fewer hydrogen bond acceptors, and a complexity between 10 
and 15. Of the shared gene-chemical co-occurrences between its two possible enzyme transformations, what is the 
PubChem CID of the heaviest by molecular weight?

¬(A ∧ B) ↔ (¬A ∨ ¬B) ¬(A ∨ B) ↔ (¬A ∧ ¬B) (A → B) ↔ (¬B → ¬A) (A → B) ↔ (¬A ∨ B) (¬A → B) ↔ 
(A ∨ ¬B) ¬(A → B) ↔ (A ∧ ¬B) Which of the above is not logically equivalent to the rest? Provide the 
full statement that doesn't fit.

The attached file contains a list of vendors in the Liminal Springs mall, along with each vendor’s monthly revenue and 
the rent they pay the mall. I want you to find the vendor that makes the least money, relative to the rent it pays. Then, 
tell me what is listed in the “type” column for that vendor.

GAIA: a benchmark for General AI Assistants https://arxiv.org/abs/2311.12983

Many "minds" are Example Gaia questions
better than one

a

8X

improvement
with

agents



Let's play with
agents

http : //ygelp.
Kyle .

pub/n7



1. What makes for a good/bad
opportunity for Al in business ?

2. What concerns ought you have

incorporating LIMs into your
products ?

3
↑ How should we think about IP

law in the era of generative Al ?



Thank

you !

http : //ygelp . Kyle . pub

I slides self-study
material here



Appendix



Tensor multiplication
or "Kyle shops for friends"

price weight volume

apples bananas carrots ($) (kg) (m3)

-

- apples 0 .
5 0 . 15 0

. 001

Judy 2 O 5

⑧ bananas 0 . 3 0 . 2 0 . 002

Kevin 2 3 I carrots 0 .
1 0

.

10 0
.
001

-

-
-

-

- -
a b



price weight volume

-

apples 0 .
5 0 . 15 0

. 001=A

L -

($) (kg) (m3)

-

k= 1 bananas 0 . 3 0 . 2 0 . 002

carrots 0 .
1 0

.

10 0
.
001

apples bananas carrots

-

-

Judy 2 O 5

Kevin 2 3 I M -

-

-
-

↳ total price
for Kevin


