Transformers, LLMs,
pretraining, instruction-tuning

Reasoning in Al, week 3




Brief overview of LLM training




’ : Note: All equations in this course at best true up to
Next Token Predictior

Output: Tokens,+ Vector %p.q € RY 6 t —th standard
t (1) basis vector

dXx|T| embedding matrix E — embedding of token t is E'e, \o/

T |xd unembedding matrix U If Uy = e, then y is prediction that Pr[ x,,,, = t] =1

A vector y € R? defines distribution D;; over T with Pr[Dy = t| o< exp(z~*(Uy),)

r=temperature
7 = oo : distribution is uniform
7 = 0: all weight on arg max,(Uy);

Architecture for Next Token Prediction: Map from R%" to R?



History

* Previous models for text generation: RNN, LSTM, GRU

e Common issues:

* - femporal Bottleneck: Vanishing gradients stop many RNN architectures
from learning long-range dependencies

» - Parallelisation Bottleneck: RNN states depend on previous time step hidden
state, so must be computed In series



Transformer
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One head attention

Xy

: . - _ . nXxd.

X5 Xy ooy Xy € R%n - token embeddings  embedding matrix: X=1:| €R"n
XT
dk - dim of key & query vectors dv = dm - dim of value vectors n

W, Wk € R%*4 W, € R % _ query,

Query, key, and value matrices:

key and value transform matrices

OK”
Vi

Attention(Q, K, V) = Softmax

”



One head attention

xj

: . - _ . nXxd.

X5 Xy ooy Xy € R%n - token embeddings  embedding matrix: X=1:| €R"n
XT
dk - dim of key & query vectors dv — dm - dim of value vectors n

W, Wk € R % Wy, € R%>*% _ query, key and value transform matrices

Query, key, and value matrices:

Q — XWQ = Rnxdk K = XWK - RnXdk V4 ZE R”de

OK”
Vi

Attention(Q, K, V) = Softmax V

Time complexity: O+ nzdm)



Multihead attention

VViQ’ VVZK & RdinXdk, VViV = Rdinde,i e [h] WO = thmxdv

head, = Attention(X Wl.Q, X WZ-K, X WiV)

MultiHead({ Wl.Q, WZ.K, WiV}ﬁ.\; ) = Concat(head,, ..., headh)WO



Multihead attention

VViQ’ VVZK & RdinXdk, VViV = Rdinde,i e [h] WO = thmxdv

head, = Attention(X Wl.Q, X WZ-K, X WiV)

MultiHead({ Wl.Q, WZ.K, WiV}ﬁ.\; ) = Concat(head,, ..., headh)WO

d.
Good practice: d, = d,, = % = Time complexity: O(nd;, + n“d,)



Position embeddings

word embeddings:

Vthes Vman, Vpets, Vcat, Vagain

position embeddings:

transformer block

V1,V2,V3,V4,V5,...

transformer block

b | e e e

Vihe T V1 Vthe T V4

the man pets the cat again



Transformer architecture

- Normalize the outputs of different modules

Feed-Forward

Add & Norm
Feed
Forward

r — E|z]

7 v/ Var[z] + € *T+P
N Add & Norm
. . Multi-Head
® Residual Connections Attention

- Add the input of a module to its output

. LayerNorm(z + Sublayer(z)) Posit |
OSItioNa »‘

Encoding ‘v b

Input
Embedding

Inputs



Transformer architecture

- Normalize the outputs of different modules

Feed-Forward

Add & Norm
Feed
Forward
Add & Norm
Multi-Head
Attention

r — E|z] ‘vt B

o v/ Var|z] + €
Nx

® Residual Connections

- Add the input of a module to its output

- LayerNorm(z + Sublayer(z))

Positional
Encoding

O
Input

Inputs

Feed-Forward layer is applied to tokens pointwise.

Tokens only interact in Attention layers!



Attention Masking
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Attention Masking

Normalized
Attention Pattern

Unnormalized
Attention Pattern
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Transformer for next token prediction
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Terminology

* Attention without masking = bidirectional self-attention

» Attention with masking = autoregressive self-attention



Transformer: original encoder-decoder architecture (obsolete)

Attention Is All You Need Output
Probabilities

1

| Softmax |

I Linear |
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Types of Transformers

 Encoder-only Transformer (uses bidirectional self-attention)
 Decoder-only Transformer (uses autoregressive self-attention)

 Encoder-decoder Transformer (obsolete; uses bidirectional self-attention in
encoder part, autoregressive self-attention in decoder part, and bidirectional

cross-attention between them)



Transformers: summary

Pros: Cons:

* Attention mechanism: any token can
attend to any other => good at long-
term dependancies

. Bottleneck: O(n?%) computation
and memory complexity for each
attention

* Architecture is designed to be highly

parallelizable  More efficient attention

mechanisms were proposed

e Universality: no inductive bias in (active area of research)

architecture  Requires a lot of data for training






Language Models are Unsupervised Multitask Learners

(GPT-2, 1.5B, 2019)

* Generative pre-training only

* Evaluating model by:

- max-likelihood prediction (predict inserted word, MCQ)
 -simple prompting (e.g. TL;DR for summarisation)

- few-shot learning (translation, question-answering dataset)

”I’m not the cleverest man in the world, but like they say in
French: Je ne suis pas un imbecile [I’m not a fool].

In a now-deleted post from Aug. 16, Soheil Eid, Tory candidate
in the riding of Joliette, wrote in French: “Mentez mentez,
il en restera toujours quelque chose,” which translates as,

’Lie lie and something will always remain.”

“I hate the word ‘perfume,”” Burr says. ‘It’s somewhat better
in French: ‘parfum.’

If listened carefully at 29:55, a conversation can be heard
between two guys in French: “-Comment on fait pour aller
de ’autre coté? -Quel autre coté?”’, which means “- How
do you get to the other side? - What side?”.

If this sounds like a bit of a stretch, consider this ques-
tion in French: As-tu aller au cinéma?, or Did you go to
the movies?, which literally translates as Have-you to go to
movies/theater?

“Brevet Sans Garantie Du Gouvernement”, translated to
English: “Patented without government warranty”.

 Was pretty good on French-English translation, even though trained only on English corpora



Instruction tuning, RLHF

Step1 Step 2 Step 3
Collect demonstration data, Collect comparison data, Optimize a policy against
and train a supervised policy. and train a reward model. the reward model using

reinforcement learning.

A promptis A prompt and
sampled from our Exolai - several model ~°
xplain the moon Explain the moon
prompt dataset. landing to a 6 year old outputs are landing to a 6 year old
sampled.
© ©
A labeler ey C—
demonstrates the @ Q | 9
desired Output f v satellite of. the moon. |
behavior. Some peo-ple went
to the moon.. A labeler ranks
_ the outputs from @
This data is used - best to worst. 0-6-0-0
to fine-tune GPT-3 58,
| | o
with supervised \}52{/
learning. \
J 2 This data is used e
to train our 08
2E2E SA
reward model. \.\52{/
0-0-0-0

Training language models to follow instructions with human feedback (GPT-
Instruct, 2022)



Instruction tuning

* Forgetting: applying instruction tuning naively can reduce the model
performance on standard NL benchmarks

 Remedy: mixing gradients from instruction tuning objective with the gradients
from the pre-training task objective



Scaling Laws for LLMs

Larger models require fewer samples The optimal model size grows smoothly

to reach the same performance with the loss target and compute budget
Line color indicates
number of parameters

— \ .
Test Loss 10 ._

-
108 108 100

Compute-efficient
training stops far
short of convergence

109 Params ——

107 109 1011 109 106 103 100
Tokens Processed Compute (PF-days)

 When working within a fixed compute budget, we obtain the optimal performance by training very large
models and stopping significantly short of convergence

from “Scaling Laws for Neural Language Models” (Kaplan et. al., 2020)



Emergent abilities of LLMs
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Thank you!
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https://www.youtube.com/watch?v=eMlx5fFNoYc&pp=ygVBQXR0ZW50aW9uIGluIHRyYW5zZm9ybWVycywgc3RlcC1ieS1zdGVwIHwgRGVlcCBMZWFybmluZyBDaGFwdGVyIDY=
https://boazbk.github.io/mltheoryseminar/
https://www.youtube.com/watch?v=KmAISyVvE1Y&pp=ygUbTGVjdHVyZSAxMi4xIFNlbGYtYXR0ZW50aW9u

