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| Quick Announcements

e Add/Drop Course

o Class is pretty much at capacity
o If you already know you will drop, please do that ASAP so people can

get in off the 'waitinglist

e HWAO due this Friday

o It's really short and easy
o Basically just asklnP you to read the intro unit to the HF Agents tutorial
er

and wrlte some boilerplate code
o See the new instructions posted for this

e Papers List
o Posted in Piazza
o Grading rubric also up in assignments
o Will open up people to sign up on Thursday during class



| Recommended Readings

e NLP Courses and Tutorials
o Utah NLP Course: https://utah-cs6340-nlp.notion.site/

o Stanford NLP Course: https://web.stanford.edu/class/cs224n/

o HuggingFace LLM Tutorial:
https://hugagingface.co/learn/lim-course/en/chapter1/1

e More resources

o Nathan Lambert RLHF Intro:
https://rihfbook.com/c/14-reasoning#ref-wang2025ragen

o Transformer paper: http://arxiv.org/abs/1706.03762

o Annotated transformer:
https://nlp.seas.harvard.edu/2018/04/03/attention.html



https://utah-cs6340-nlp.notion.site/
https://web.stanford.edu/class/cs224n/
https://huggingface.co/learn/llm-course/en/chapter1/1
https://rlhfbook.com/c/14-reasoning#ref-wang2025ragen
http://arxiv.org/abs/1706.03762
https://nlp.seas.harvard.edu/2018/04/03/attention.html

| Warning (again)

e Again | can’t possibly cover everything about LLMs in a
single lecture

e [f you haven't taken an NLP course, you probably will want to
do some of the recommended readings/tutorials

e |f you have taken e.g. Ana MarasoviC’'s course, then this will
be mostly review




| Any Questions




| Recall: What are Agents?

e VLM Agents
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Lots of Kinds of LLMs
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https://arxiv.org/abs/2304.13712

I Autoregressive LLMs

* Conditional Generation
* Generating text conditioned on previous text!
* P(*a” | “Once upon”)
* P(*time” | “Once upon a”)
* P(*there” | “Once upon a time”)
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Once upon »IOnce upon a »Once upon a time
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I Autoregressive LLMs

* LLM Inference
* (@Given a sequence of input tokens, an LLM generates a single token at
each step
* The generated token will be appended after the previous input tokens and
fed into the LLM again to generate the token for the next step

Output

Input

recite the first law $

University of Utah 1




I Autoregressive LLMs

* LLM Inference
* Assigns probabilities to sequences of words
* Generate text by sampling possible next words
* Are trained by learning to guess the next word

Output

Input

recite the first law $

University of Utah 12




Transformer (the first one)

Attention Is All You Need
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I Motivation for Transformers

* High-level insights
 Originally proposed to handle long sequences (especially language)

* Compared to recurrent models, attention model does not suffer the
gradient vanishing or explosion problem

* Enabled the current renaissance of NLP




Original Transformer Architecture
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Original Transformer Architecture

Output
Probabilities harvardnlp

Members  Code  Publications  Contact Us

The Annotated Transformer

Add & Norm

Feed Model Architecture

Forward
Most neural sequence models have an encoder-decoder structure (cite). Here, the encoder maps
an input sequence of symbol representations (z1, . . . , Za) to a sequence of continuous representations z = (z1, . .. , zn).

Given z, the decoder then generates an output sequence (y1, . . . , ¥m) of symbols one element at a time. At each step the
Add & Norm model is auto-regressive (cite), consuming the previously generated symbols as additional input when generating the next.
T

Add & Norm Multi-Head class EncoderDecoder (nn.Module):
Feed Attention A standard Encoder-Decoder architecture. Base for this and many
other models.

Forward ) ) Nx
def _init_(self, encoder, decoder, src_embed, tgt_embed, generator):
\ super(EncoderDecoder, self)._init_()
self.encoder = encoder
Add & Norm self.decoder = decoder
I self.src_embed = src_embed

Nx | —(Add & Norm )
orm
self.tgt_embed = tgt_embed
Muli-Head Masked self.generator = generator
ulti-Hea Multi-Head
5 P def forward(self, src, tgt, src_mask, tgt_mask):
Attention Attention “Take in and process masked src and target sequences.’
return self.decode(self.encode(src, src_mask), src_mask,
‘ ’ ‘ ’ tgt, tgt_mask)
— ] )
\_ Y, \_ Y, def encode(self, src, src_mask):
return self.encoder(self.src_embed(src), src_mask)

Positional Positional def decode(self, memory, src_mask, tgt, tgt_mask):
E di o) & . return self.decoder(self.tgt_embed(tgt), memory, src_mask, tgt_mask)
ncoding Encoding

class Generator(nn.Module):

InpUt OUtDUt "Define standard linear + softmax generation step."
Embedding Embedding def _init_(self, d_model, vocab):
super (Generator, self)._init_ ()
self.proj = nn.Linear(d_model, vocab)

f f
RS W For thorough walkthrough, see
https://nlp.seas.harvard.edu/2018/04/03/attention.html 16



https://nlp.seas.harvard.edu/2018/04/03/attention.html

I Original Transformer Architecture

B Parts of Transformers:
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e Attention
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I Encoder/Decoder

(r Ny )

ENCODERS —> DECODERS

Figure: Jay Alammar
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https://jalammar.github.io/illustrated-transformer/

I Repeated Blocks
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https://jalammar.github.io/illustrated-transformer/

I Each encoder block consists of multi-headed self-attention & FFNN
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https://jalammar.github.io/illustrated-transformer/

I Each encoder block consists of multi-headed self-attention & FFNN
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https://jalammar.github.io/illustrated-transformer/

I Why Attention

Turned out to be a Neural Machine Translation (NMT)
bottleneck The sequence-to-sequence model

Target sentence (output)
Encoding of the source sentence. A

Needs to encode all info Provides initial hidden state
for Decoder RNN.

3\

in the source

What if the source
sequence is Iong?

2000 argmax > ~N

Encoder RNN

NNY J2podaq

il a m’  entarté <START> he hit  me  with a pie
\ J
Y
Source sentence (input) Decoder RNN is a Language Model that generates

target sentence, conditioned on encoding.

Encoder RNN produces
an encoding of the
source sentence.

22
Source: Alane Suhr & Dan Klein




| Attention

Attention provides a solution to the bottleneck problem

Proposed in Bahdanau et al. (2015): Neural Machine Translation
by Jointly Learning to Align and Translate

Core idea: On each step of the decoder, use direct connection to
the encoder to focus on a particular part of the source sequence

23

Source: Alane Suhr & Dan Klein


https://arxiv.org/abs/1409.0473
https://arxiv.org/abs/1409.0473

I Attention

* Translate “The animal didn't cross the street because it was too tired”

jalammar.github.io/illustrated-transformer/



I Attention

* Translate “The animal didn't cross the street becauselit vas too tired”

What does the word “it” refer to?

jalammar.github.io/illustrated-transformer/



I Attention

* Translate “The animal didn't cross the street because it was too tired”
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| Attention

* Translate “The animal didn't cross the street because it was too tired”

Layer:| 5 3| Attention:| Input - Input s

et — Idea: when we
animal_ animal_ get to the word
didn_ didn_ T
5 3 Iit" we want to
2 t pay more
Cross_ Cross_ “ . ”
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ol grieeL., most relevant
because_ because_ ]
it C it prior words
was_ was_
too_ too_
tire tire
d d

Source: https://jalammar.github.io/illustrated-transformer/



| self-Attention

QK"
Vdy

Attention(Q, K, V') = softmax( )14

Source: https://jalammar.github.io/illustrated-transformer/



| self-Attention

Attention(Q, K, V) = softmax(

QK"
Vdy

W

-~

\

Companies have spent literally billions of
dollars because of this one equation

~

)

Source: https://jalammar.github.io/illustrated-transformer/



| self-Attention

Attention(Q, K,V) = softma.x(QKT)V
s Vg,
' N\

What are the inputs Q, K, V for
self-attention?

Source: https://jalammar.github.io/illustrated-transformer/



I Self-attention — Query, Key, Value
* Create three vectors from the embedding of each word (query, key, value)

Input Thinking

Embedding X1EEEE|

31

Source: https://jalammar.github.io/illustrated-transformer/



Self-attention — Query, Key, Value

* Create three vectors from the embedding of each word (query, key, value)

Input Thinking
Embedding [ T T T 1
Queries q1 El:lj
Keys k]
Values vil T 1]

Source: https://jalammar.github.io/illustrated-transformer/



Self-attention — Query, Key, Value

* Create three vectors from the embedding of each word (query, key, value)

Input Thinking
Embedding [ T T T 1
Queries q1 El:lj
Keys k]
Values vil T 1]

Source: https://jalammar.github.io/illustrated-transformer/



Self-attention — Query, Key, Value

* Create three vectors from the embedding of each word (query, key, value)

Input Thinking
Embedding X1EEEI:|
Queries ol [ 1] wea
Keys K1 [Dj V‘JK
Values V1I:|:|] Wwv

Source: https://jalammar.github.io/illustrated-transformer/



I Self-attention — Query, Key, Value

* Create three vectors from the embedding of each word (query, key, value)

Input Thinking
Keys Ki1 Eljj WK
Values v«.[ljj Wwv

Source: https://jalammar.github.io/illustrated-transformer/



I Self-attention — Query, Key, Value

* Create three vectors from the embedding of each word (query, key, value)

Input Thinking

Embedding [ TTT] Matrix multiplication
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Source: https://jalammar.github.io/illustrated-transformer/



I Self-attention — Query, Key, Value

* Create three vectors from the embedding of each word (query, key, value)

Input Thinking

Embedding [ TTT] Matrix multiplication
Queries o [ ]] wo
Keys Ki1 Eljj WK
Values v«.[ljj Wwv

Source: https://jalammar.github.io/illustrated-transformer/



I Self-attention — Query, Key, Value

* Create three vectors from the embedding of each word (query, key, value)

Input Thinking Machines

Embedding [T T 171 xl T T 1]

Queries a[ [ T] a:[ [ T] wa
Keys « [T [T L] WK
Values vil T 1] vo[ [ [ ] Wwv

Source: https://jalammar.github.io/illustrated-transformer/



I Self-attention — Query, Key, Value

We multiply the input
representation with

input x = uer
7 auery the query, key, and
X represents entire input value weight
sequence (here of the len 2) matrices to get
X WK K
query, key, and
Row 1is the embedding of the ) values
1st token in the input * -

Think about them as
X WV V different linear
representations of
the input that will be
used to compute new
W are weights we are learning input representations
that depend on
pairwise token
importances

Row 2 is the embedding of
the 2nd token in the input

i-th row is the embedding of " ) value

the i-th token in the input

Source: https://jalammar.github.io/illustrated-transformer/




| self-attention — Matrix Calculation

* Create three vectors from the embedding of each word (query, key, value)

QK"
vk

X wea Q Attention(Q, K, V') = softmax( 1%

X WK K

Source: https://jalammar.github.io/illustrated-transformer/



| self-attention — Matrix Calculation

* Create three vectors from the embedding of each word (query, key, value)

I

X we Q Attention(Q, K, V') = softmax( @K 1%

Vdy,

Q KT

\'}

X WK K X
softmax ( )
x = Vi

Produce Output

41

Source: https://jalammar.github.io/illustrated-transformer/



Self-attention — Matrix Calculation
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Figure on the right: [Kovaleva et al., 2019]
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Source: https://jalammar.github.io/illustrated-transformer/


https://aclanthology.org/D19-1445/

| self-attention — Matrix Calculation
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https://aclanthology.org/D19-1445/

| self-attention — Matrix Calculation

Q KT

softmax( )

Vi

V

= Each row is the new representation of the corresponding
token in the input, now capturing this token’s relationships
with other tokens in the input

Source: https://jalammar.github.io/illustrated-transformer/



I Multi-head self-attention layer

* Multiple self-attention “heads” in parallel

* We want to have multiple sets of queries/keys/values calculated in the layer. This is a similar idea
to having multiple conv filters learned in a layer

Yol Y1 Y2

A

Concatenate + FC layer to reduce dim

head, head, head,

Yo || Y1 Y2 Yo || Y1 Yo

Split

https://cs23 1n.stanford.edu/



Positional Encoding

* Encode the order of the sequence

ENCODER #0

EMBEDDING
WITH TIME
SIGNAL ~ xi[ [ [ [ ] xe[ [ T T ] S
P conme IR [ [ T 1] [ [ [ ]
+ + +
EMBEDDINGS [T xe[ T T T ] xs [ T T T ]
INPUT Je Suis étudiant

Source: https://jalammar.github.io/illustrated-transformer/



Positional Encoding

* Encode the order of the sequence

ENCODER #0
N F 3 A
EMBEDDING
WITH TIME
SIGNAL ~ xi[ [ [ [ ] xe[ [ T T ] Xs |
POSITIONAL e — T — —
encoping B LT o[ ] [ ] [ [ [ ]
+ + +
EMBEDDINGS [T xe[ T T T ] xs [ T T T ]
, —_ What could we put
INPUT Je Suis étudiant

here to encode the
order?

jalammar.github.io/illustrated-transformer/



I Positional Encoding

* Concatenate or add special positional encoding p; to each input vector X,

«  We use a function pos: N — R? to process the position j of the vector into a d-dimensional vector

L y; _ Possible desirable properties of pos(.):
self-attention 1. It should output a unique encoding for each timestep

: (word’s position in a sentence)

Xo || X1 X2 2. Distance between any two time-steps should be

Po || P || P2 consistent across sentences with different lengths.

position ;ncoding 3. The model should generalize to longer sentences without

* any efforts. Its values should be bounded.

Xo || X1 || X 4. It must be deterministic.

https://cs23 In.stanford.edu/



I Positional Encoding

* Concatenate or add special positional encoding p; to each input vector X,

«  We use a function pos: N — R? to process the position j of the vector into a d-dimensional vector

Options for pos(.):

Yo || Y1 || Y2
5 1. Learn a lookup table:
| seIf-att+ention | « Learn parameters to use for pos(t) for t € [0, T)
e * Lookup table contains T x d parameters.
0 1 2
oo | o |l p 2. Designa ﬁxed functlon with the desired properties
2 1: 2 sin(w.t) ~ |ntuition:
cos(@i-t) 0: 0000 8: 1000
position encoding _ 1 001 9: 1001
% sin(wz.t) o 010 10: 1010
fi= cos(w2t) 3. 0011 11: 1011
Xo || X4 || X2 p(t) = 4: 100 12: 100
: 5: 101 13: 101
6 1 140 14 : 110
sin(wy/2-t) 7. 111 15: Y
| cos(waya-t) |, T T 100004/

https://cs23 In.stanford.edu/



I Also embed tokens into vectors

ENCODER #0
A F 3 A
EMBEDDING
WITH TIME
SIGNAL i [ [ [ ] xe[ T T ] x (T
POSITIONAL e e e — P S
encoping B LT o[ ] [ ] [ [ [ ]
+ + +
EMBEDDINGS [ [ [ [] xe[ T T T ] xs [ T T T ]
INPUT Je ™~ Suis étudiant

Similarly, learn an embedding matrix for
each word in Vocab. Learn entirely
end-to-end

50

Source: https://jalammar.github.io/illustrated-transformer/



Probabilities

I Transformer Architecture — Encoder Block

Add & Norm J<=

Feed
Forward
4 | R Add & Norm  J<~
g =T Mutti-Head
Feed Attention
Forward D) Nx
— e
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Multi-Head Multi-Head
Attention Attention
2 1t
— J \ )
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
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I Transformer Architecture — Encoder Block

Coo || Co1 || Co2 | .| Co2
o)
3 .
% : xN
z i
“"9’ Made up of N encoder blocks.
| =
'g f E.g., N=6, Dq=512

Positional encoding

|
Zo0 || Zo4 || 202 | - | %22

https://cs23 In.stanford.edu/



I Transformer Architecture — Encoder Block

Coo || Co1 || Co2 | --- | C22
A

Layer norm
: XN 4
MLP

f |

Layer norm

Let's dive into one encoder block

*

J Multi-head self-attention

Transformer encoder

A

Positional encoding A

I
Zo0 || Z01 || Zo2 | -+ | Z22 Xo || X1 || X2 || X

https://cs23 In.stanford.edu/



I Transformer Architecture — Encoder Block

4 4

e Multi-head attention /v( Add & Normalize )\
( Feed Forward ) ( Feed Forward )
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Source: https://jalammar.github.io/illustrated-transformer/



I Transformer Architecture — Encoder Block

4 4
e Multi-head attention '/»( Add & Normalize . ) )
(] Residual connection - ( Feed Forward ) ( Feed Forward )
. . . i i e
o A mechanism introduced in CNN 2+ 2 I
o  Help with learning with deep layers
% l,'» LayerNorm( H—}-—H - H—H—)
al: A Y
Sl ] [
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ENCODING
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Source: https://jalammar.github.io/illustrated-transformer/



I Transformer Architecture — Encoder Block

4 4

e Multi-head attention '/»( Al Ut ) )
e Residual connection ( reedforward ) (C FeedForward )
o A mechanism introduced in CNN e mé B = =
o Help with learning with deep layers ( L e’
e Layer Norm .+ tayerNorm( - + EEEED
o Normalization layer that is robust to varied é 4 ESEE
input length . C Self-Attention )
e oo

]
A L — 1
POSITIONAL
ENCODING

Thinking Machines

Source: https://jalammar.github.io/illustrated-transformer/



I Transformer Architecture — Encoder Block

4 4
e Multi-head attention ’/1( Add & Normalize ) k
[ ] Residual COl’ll’l@CtiOIl E ( Feed Forward ) ( Feed Forward )
o A mechanism introduced in CNN b 2+ =l .
A A

o  Help with learning with deep layers

e Layer Norm t Reg LayerNorm( H—)——H + H——H—— )
o Normalization layer that is robust to varied g iR o
1nput length 1 E ( Self-Attention )
e Feed forward network e e T‘ﬁ _______________ Er«I )
FFN(x) — maX(O, Wi + bl)W2 + by rosmonas é é
o  Fully-connected linear layers x1 (DI xo [T 1]
Thinking Machines

o  First increase the dimensionality and then
reduce to the original dimensionality

Source: https://jalammar.github.io/illustrated-transformer/



I Transformer Architecture Decoder

e The output of the top encoder is used by each decoder to focus on appropriate places in
the input sequence

Decoding time step:@Z 3456 OUTPUT

t

( Linear + Softmax

[ ENCODER J ( DECODER

\\— -/ UJ

L) )
[ ENCODER J { DECODER
O
EMBEDDING
wiTHTIME LI [T [
SIGNAL
EMBEDDINGS I CIIT] [LIT]
INPUT Je suis  étudiant

Source: https://jalammar.github.io/illustrated-transformer/



l Transformer Architecture — Decoder

person wearing hat [END]

Yo Y1 Y2 Y3

=
QO
>

: XN @
o
3
@
e Made up of N decoder blocks.
Q
o
% E.g., N=6, Dq=512

Positional encoding

Yo Y4 Yo Y3

[START] person wearing hat

https://cs23 In.stanford.edu/



I Transformer Architecture — Decoder

Yo || Y1 | Y2 ¥3

L)
I FC |

(9
(+)

persom weAnng el [END) Quite Similar to Encoder

Yo Y4 2 Y3

Main difference - attends to
encoder tokens as well

N JawlJojsuel |

Layer norm
(+)

Y2

Yo Y1

[START] person wearing hat o || %1 || X2 || % Vaswe




I Masked Self-Attention

Yo || Y1 |l Y2 ;
S Outputs:

context vectors: y (shape: ')

mul(—) + add (1)

« Allows us to parallelize
attention across time

|
B

[
2 . « Don’t need to calculate the
S Operations:
£ Keyvectors: k = xW, context vectors from the
Value vectors: v = x previous timestep first!
Query vectors: g = xW,
Alignment: e;; = ¢ - k, / VD .
g Attention: a = softJmalx(e) « Prevent vectors from looking
o = Outputy;=3;a; at future vectors.
> o R .
= __m_, Ky > = |l e [ e | E Manually s.etfahgnment
= 2 scores to —1nfinity (-nan
Bl [ 7 o)
T T Inputs:
qQ || 94 || 92 Input vectors: x (shape: N x D)
I

61
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I Transformer Final Layer

QOutput
Probabilities

Assume we have already generated K tokens, generate the next one.

The decoder was used to gather all information necessary to predict a
probability distribution for the next token (K), over the whole vocab.

Simple:
linear projection of token K
SoftMax normalization

Slide credit: Ana Marasovic



I Transformers - Summary

* The general attention layer is a new type of layer that can be used to design
new neural network architectures
* Transformers are a type of layer that uses self-attention and layer norm.
* It 1s highly scalable and highly parallelizable
* Faster training, larger models, better performance across vision and
language tasks
* They are quickly replacing RNNs, LSTMs, and may(?) even replace

convolutions.
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I Many Architectures for Large Language Models

Decoders Encoders Encoder-decoders
GPT, Claude, BERT family, Flan-T5, Whisper
Llama HuUBERT

Mixtral




I Encoder-Decoders

Input sequence is encoded and then encoded sequence is TR [ 7
decoded by another part of the network =2 5
This 1s the architecture we just looked at

Trained to map from one sequence to another

Very popular for:
* machine translation (map from one language to another)
* speech recognition (map from acoustics to words)

Based on https://web.stanford.edu/~jurafsky/slp3/



I Encoder-Only

Just encode the sequence (no next token prediction)

Do something with that encoded sequence
o Classification
o Predict a masked token at one element of the sequence
* Many varieties!
Popular: Masked Language Models (MLMs)
BERT family

Based on https://web.stanford.edu/~jurafsky/slp3/



I Encoder-Only

* Trained by predicting words from surrounding words on
both sides
« Are usually finetuned (trained on supervised data) for

classification tasks.

Based on https://web.stanford.edu/~jurafsky/slp3/



| BERT

e Mask some tokens in the input and use the hidden representation to
predict the masked tokens

o Equivalent to perform a classification task, the number of classes is the
total number of tokens

you has the highest probability [ you,they, your.. l

Output [CLS] how are ’ ’ doing |today | [SEP]

I I

BERT masked language model

IR R

Input [CLS] how are doing | today [SEP]

BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding



I Decoder-Only

Also called:

* Causal LLMs

* Autoregressive LLMs

* Left-to-right LLMs

* Predict words left to right

Based on https://web.stanford.edu/~jurafsky/slp3

The Transformer
decoder block

person wearing hat  [END]

X

Jepodep Jswiojsuel |

1
w [n] [w] v

[START] person wearing hat

Yo

Y1

Y2 | Y3

Layer norm

Layer norm
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I Decoder-Only

Also called:

Causal LLMs
Autoregressive LLMs
Left-to-right LLMs The Transformer vo [y v [ va
Predict words left to right decoder block

person wearing hat  [END]
-~ DY
7y
We can completely skip the

step where we encode the
input, just feed input and
output into the decoder

\ /

()
()

Layer norm
(+)

Jepodep Jswiojsuel |

1B
2
[START] person wearing hat Vaswe 70

Based on https://web.stanford.edu/~jurafsky/slp3



I Training Autoregressive LLMs

 It’s all about predicting the next word!
* What should be the next word following word “Utah”?

r T Jrwe [ oo 3

- Jazz: 0.51

Is: 0.21

-:0.12

_

University of Utah 71
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| LLM Training Stages

* Pre-training
* Supervised fine-tuning

* Alignment (RLHF: Reinforcement Learning from Human Feedback)

University of Utah 72



| LLM Training Stages
a I

< |s there something called
mid-training in between?

\ )

* Pre-training

* Supervised fine-tuning

* Alignment (RLHF: Reinforcement Learning from Human Feedback)

See: https://vintagedata.ora/blog/posts/what-is-mid-training

University of Utah 73



https://vintagedata.org/blog/posts/what-is-mid-training

| LLM Training Stages: Pre-training

* Goal
* Enable comprehensive language processing capability
* Data
* Plain text including billion to trillion of tokens scrapped from Internet
(super large)

University of Utah 74



How much Pre-training Data?

Training Compute-Optimal Large Language Models

=>  “.given a 10x increase computational budget, they [Kaplan et al., 2020] suggests that the size of the model should
increase 5.5x while the number of training tokens should only increase 1.8x. Instead, we find that model size and the
number of training tokens should be scaled in equal proportions.”

Train PPL

0 250 500 750 1000 1250 1500 1750 2000
Processed Tokens (Billions)

Figure 5: Training Loss for LLama 2 models. We compare the training loss of the LLama 2 family of models.
We observe that after pretraining on 2T Tokens, the models still did not show any sign of saturation.

University of Utah 75


https://arxiv.org/abs/2203.15556

| LLM Training Stages: Pre-training

* QGoal
* Enable comprehensive language processing capability
* Data
* Plain text including billion to trillion of tokens scrapped from Internet
(super large)
* Training task
* Next word prediction

University of Utah 76



| LLM Training Stages: Pre-training
Self-supervised training algorithm
* We just train them to predict the next word!
» Take a corpus of text
e Ateach time step t
« ask the model to predict the next word
* train the model using gradient descent to minimize the error in this
prediction

“Self-supervised” because it just uses the next word as the label!

Cross-entropy loss: the model assigns a high probability to true word w

Based on https://web.stanford.edu/~jurafsky/slp3/ University of Utah



I Pre-training Loss (Simplified/Wrong)
Data:
The quick brown fox jumped over the lazy dog

The quick brown fox jumped over the lazy

:XO] [xl] lle [xs] [’QJ {XS] [x6] [x7j
Py ' L 3

\ 4

\ .
4 &

Causal Language Modeling

dog

Based on https://web.stanford.edu/~jurafsky/slp3/



I Pre-training Loss (Simplified/Wrong)
Data:
The quick brown fox jumped over the lazy dog

The quick brown fox jumped over the lazy
ZXO] [xl] f sz [xs] x4\ [xsl [XJ [x';j
] 1 | . &

4 ' N\

Causal Language Modeling

Cross
] Entropy

dog Loss

Based on https://web.stanford.edu/~jurafsky/slp3/



I Pre-training Loss (Slmpllflelerong)

Data:

This is kind of one of those
lies they teach in school

. -

Loss

) <

7

W

dog

Based on https://web.stanford.edu/~jurafsky/slp3/



| Pre-training Loss (Real)

Data:
The quick brown fox jumped over the lazy dog

The quick brown fox jumped over the lazy

v

LXO] [xl] [xz} [xs] [x4] (xsjl [xs] [x7:
b i 3

\ 4 \ 4 y
4 )

Causal Language Modeling

T T 1T 1T 1T 1T 1T T
[xl] (x2] [xs] (x4] {xsj [xé] [x7] [EOS] ]

quick brown fox jumped over the lazy dog




| Pre-training Loss (Real)

Data:
The quick brown fox jumped over the lazy dog

The quick brown fox jumped over the lazy

v

LXO] [xl] | xzj] [x3] (XJ (st [xs] [x7:
P ' i 3

¥ ¥
( )

Causal Language Modeling

\.

v.%,—

CEL on l — : S l l l
P(quick|The) [xl] lxz} [xs] lx4] [xs} [xé] [x7] {EOS] ]

quick brown fox jumped over the lazy dog




| Pre-training Loss (Real)

Data:
The quick brown fox jumped over the lazy dog

The quick brown fox jumped over the lazy

EEE0REE
Voo L4V ]

a
¢ : |
( )

Causal Language Modeling

.
X p ’L \ AR
gE)Lro%anhe[xl] le [xs] EANER [xé] [x7] [EOS] L]
quick) |

quick brown fox jumped over the lazy dog

Based on https://web.stanford.edu/~jurafsky/slp3/



| Pre-training Loss (Real)

Data:
The quick brown fox jumped over the lazy dog

The quick brown fox jumped over the lazy

v

LXO] [xl] | xzj] [x3] (XJ (st [xs] [x7:
P ' i 3

¥ ¥
( )

Causal Language Modeling
. J

ly b !

| |
quick brown fox jumped over the lazy dog

\[il] BE6EHEEE




| Pre-training Loss (Real)

/
Data: This is important because
: this is WHY Transformers
Tb/ \\ dg can be massively scaled to
This is important because it means that during || train on lots of datal

a.
training - we can train on completing each token N
of the sequence
But we can do it all in a single forward pass of X7
the transformer (don’t need to autoregressive
generate tokens)

LWW@TWWWQJ

k. y,
t b ‘

Etc l l
X2 [x:% 4) | Xs [xr] [x7] [EOS]-

quick brown fox jumped over the lazy dog

Based on https://web.stanford.edu/~jurafsky/slp3/ University of Utah



| LLM Training Stages: Pre-training

* Goal
* Enable comprehensive language processing capability
Data
 Plain text including billion to trillion of tokens scrapped from Internet

(super large)

Training task
* Next word prediction

Production

* Usually called the base model
* Pre-train base LLM (Llama-2-7b-base, etc.)

University of Utah 86




I LLM Training Stages: Supervised Fine-Tuning

* Goal
* Enable instruction following capability
* Adaptation to new domains
Data
* A set of instructions and their corresponding outputs (relatively small)

Training task
[ ) Predicting target Outputs ‘ Modfsl Instruction fine-tune on many tasks

Pre-trained
Y

Production

* Usually called the instruct model

| Identify the places: _____ !
* Chat LLM (Llama-2-7b-chat, etc) ﬁ;;:"( | e Tmay -

University of Utah 87




I Pre-train/Finetune Paradigm

next word

T

(X ()
\-I/;‘\\\.i/}‘\\-,,

O A
RO0L02e

.
\

Stage T
Pretrain a model

// | /////
\

partial input
Objective: generate next word
(does not require that people label the next word)

R\

XX

W N\ \'1
~ 1%9:1: 9.1 O
= + SOROROA0
Stage 2: = \“5"'3*\:"2*‘/’
Finetune the model
text + labels

Objective: standard supervised training

Slide from Ana Marasovic University of Utah



I Pre-train/Finetune Paradigm

next word

T

( X 1 )
ORIREIRER

J
\

KX NI T A
Stage 1: §/// + BT
) S
Pretrain a model =77
/ \ partial input
: text Objective: generate next word
Train on as much data as does not require that le label the next d
possible (i qu at people label the next word)
Get a really general
understanding of language
- ( )= )
Stage 2: > ASATATZ
Finetune the model

text + labels

Objective: standard supervised training

Slide from Ana Marasovic

University of Utah



I Pre-train/Finetune Paradigm

next word

T

( X 1 )
Ot

XN '@
sicitis

.
\

4>
-

Stage T
Pretrain a model
partial input

4 ) Objective: generate next word

Train on the data you care (does not require that people label the next word)
about

Perform better on that task

= )

i
\

//

R\

(O3
NS
ORS00
(OB IREXRLEL K

KOROROA
S N easacd

\

AN
+

Stage 2:
Finetune the model

text + labels
Objective: standard supervised training

Slide from Ana Marasovic University of Utah



I For Agents

e Finetuning is a very common way to adapt
o Take a capable base model
o Get examples of your agent task
o Finetune
o (Note: this is the same as Behavioral Cloning)

e Models are now often pre-trained or mid-trained on agent
data as well

Slide from Ana Marasovic University of Utah 91



| LLM Training Stages

* Pre-training

* Supervised fine-tuning

* Alignment (RLHF: Reinforcement Learning from Human Feedback)

University of Utah 92




Step 1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.

Explain the moon
landing to a 6 year old

v
0

L~ 4
V4

Some people went
to the maon..

'

] RLHF at a high level

Step 2

Collect comparison data,
and train a reward model.

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.

Explain the moon
landing to a 6 year old

) 0

Explain gravity Explainwar.

Meonisnatural  Pacpla wentto
satallita of. !

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

»

Write a story
about frogs

University of Utah



https://openai.com/blog/instruction-following/

I For Agents

. Pre-training [ Usually starting from 1

another pre-trained model

* Supervised fine-tuning [ Very common }

* Alignment (RLHF: Reinforcement Learning from Human Feedback)

RLHF is less common, but
has been used

University of Utah 94




I FQ r Ag( Fine-Tuning Large Vision-Language Models as
Decision-Making Agents via Reinforcement Learning

* Pre-trainin
Yuexiang Zhai'* Hao Bai?' Zipeng Lin' Jiayi Pan'’ Shengbang Tong®' Yifei Zhou'f
¢ SuperVISeC Alane Suhr! Saining Xie® Yann LeCun® YiMa'! Sergey Levine!

- Batch Observations & Rewards
Environments

i Altema \ 5 DERiEr You are a blackjack player. You are observing the current game
- I state, you can choose between ['stand’, ‘hit'].
concat Please first describe the current state, then output the action.

Pretrained GRL O
Vision Language Model  Fine-Tuning

"thoughts": "I have 20 points in total. The dealer has at least 10
points. My total points are large, | should stand."
"action": "stand"

Actions -

University of Utah 95




| RL Finetuning

Prompts Dataset

x: A dogis...

' ~\ /" Tuned Language
Initial Language Model Model (RL Policy)

\

®0®® RLHF POOO®
asefext ®® ®® Tuned Text ®®®®
y: a furry mammal y: man’s best friend
\_ =_ ) \, 7 J
= 3

— kL Dk (7ppo (y]2) || Thase(ylz))
KL prediction shift penalty

Update (e.g. PPO)

Reinforcement Learning

0« 0+ VoJ(0)

Reward (Preference)

N

What we learned
in RL lecture

University of Utah
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| RL Finetuning

Prompts Dataset

x: A dogis...

' ~\ /" Tuned Language
Initial Language Model Model (RL Policy)

\

®0®® RLHF POOO®
asefext ®® ®® Tuned Text ®®®®
y: a furry mammal y: man’s best friend
\_ =_ ) \, 7 J
= 3

— kL Dk (7ppo (y]2) || Thase(ylz))
KL prediction shift penalty

What we learned
in RL lecture

Update (e.g. PPO)

Reinforcement Learning

0« 0+ VoJ(0)

Reward (Preference)

N

Or directly from
reward

University of Utah
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| LLM Training Stages: Alignment

 Goal

» Steering LLM to align with human standard/ethics or some final task
Data
* Human preference data (smaller)

e Or direct reward

Training task
* Reinforcement Learning from Human Feedback (RLHF)
* Maximizing reward (RL)

Production

* Usually called the aligned model
* Aligned Chat LLM (Llama-2-7b-chat-hf, etc)

University of Utah 98




I Now you know everything about LLMs




I Now you know everything about LLMs...

Sort of.

e There are actually a LOT of other topics here we didn’t cover
o | did not cover test-time compute (“thinking models”)
e A ton of technical depth in all of these we didn’t cover
e Other topics may come up later in the class / in specific papers

University of Utah 100




| Recommended Readings

e NLP Courses and Tutorials
o Utah NLP Course: https://utah-cs6340-nlp.notion.site/

o Stanford NLP Course: https://web.stanford.edu/class/cs224n/

o HuggingFace LLM Tutorial:
https://hugagingface.co/learn/lim-course/en/chapter1/1

e More resources

o Nathan Lambert RLHF Intro:
https://rihfbook.com/c/14-reasoning#ref-wang2025ragen

o Transformer paper: http://arxiv.org/abs/1706.03762

o Annotated transformer:
https://nlp.seas.harvard.edu/2018/04/03/attention.html



https://utah-cs6340-nlp.notion.site/
https://web.stanford.edu/class/cs224n/
https://huggingface.co/learn/llm-course/en/chapter1/1
https://rlhfbook.com/c/14-reasoning#ref-wang2025ragen
http://arxiv.org/abs/1706.03762
https://nlp.seas.harvard.edu/2018/04/03/attention.html

I Any Questions
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Questions




