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Seqguences

* |nput:

— sequence = an ordered set of data points
* QOutput:

- single label: RNN

- sequence (of different length): encoder-decoder model
* Application: time series, Natural Language Processing (NLP)



Recurrent Neural Network (RNN)
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RNN cell

RNN Cell
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Multiple Time Scales

* Long-term dependencies are weak in the basic RNN cell.
e Solution:

— Skip connections through time
— Long Short-Term Memory (LSTM)
- Gated Recurrent Unit (GRU)
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Seqguence-to-Sequence

e Encoder-Decoder model

Teacher Forcing

* The European economic zone - la zona economica europea
- Word order

- the - el/la: To which word do we pay atteption?

, 2019


https://leanpub.com/pytorch
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Attention

 V...values [D x L], D... hidden dim., L... input seq. length
 K... keys [D x L]
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Self-Attention
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RNN vs Self-Attention
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Convolution vs Self-Attention

Convolution:
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Convolution vs Self-Attention
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Convolution vs Self-Attention
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Local and fixed
during inference
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Convolution vs Self-Attention
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Local and fixed
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Convolution vs Self-Attention
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Convolution vs Self-Attention
C; = Z hi—jw_j C; — Z<Qz7 kj)”j
j

4
4

N
HEENEN
BEE &
HEH
N

v .
. HE N EENEEE

Local and fixed Global and variable
during inference during inference

17



Predictions
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The Transformer
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Vaswani et al., , 2017 Target Sequence
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https://arxiv.org/abs/1706.03762
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Embedding

Paul | wants | his bank to cash

1 0 7
2 8 0 man
5 2 2

12288-D ™~

(GPT-3) | _ woman

: King
3 1 0 ™~
gueen
King — man + woman = gueen
- tokens

50257 tokens In Mikolov et al., 2013


https://en.wikipedia.org/wiki/Byte_pair_encoding
https://platform.openai.com/tokenizer
https://arxiv.org/abs/1301.3781

Positional Encoding

Unigue encoding for each position

Encoding distance between two positions consistent

Generalize to any sequence length

Binary code?
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https://kazemnejad.com/blog/transformer_architecture_positional_encoding/
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Handcrafted Positional Encoding

lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

21



HEBN

Learned Positional Encoding

* PE Correlation between different positions
sinusoid GPT2 BERT
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Wang, Chen: , EMNLP 2020
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https://arxiv.org/abs/2010.04903
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Queries

Keys

yal

yes

Keys

Multi-headed Self-Attention
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Masked Attention
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Paul
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HEBN

Large Language Models

1) Pretraining
* Annotation Is a curse
* Task - “Predict a next (masked) word in an incomplete sentence.”

2) Fine-tuning on a downstream task
* Small annotation dataset
* Reinforcement learning from Human Feedback
* Immitate human preferences - Reward Model

GPT (OpenAl) , BERT (Google),
LLaMA (Meta Al), Titan (Amazon)

26



GPT

Predictions
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to

Feed-Forward Neural Networka}

Linear

96X

HEBN
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|

Self-Attention

P

* Understanding, relations, reasoning

Paul | wants | his bank to cach
Self-Attention } 2
financial
Paul Paul institution
Paul | wants | his bank to cash
Self-Attention | P
Paul  Paul financial
Institution
stitutio bank
transaction
Paul | wants | his bank to cash

HEBN
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[ Feed-Forward Neural Network 8}

* Long-term Memory — facts from the training data

e GPT-3:

- 175 (x10°) billion of parameters

e GPT-4:
— 1 700 billion

* Human brain:
— 700 000 billion

Output vector
(12,288 values)

Output layer
(12,288 neurons)

Hidden layer
(49,152 neurons)

Input vector
(12,288 values)

30



Non-deterministic!

Mode

& Chat

Model

¢ l .......... l 915) ¢ gpt-i

Feed-Forward Neural Networka
/ Maxirmurm length 2050

L|near Stop sequences
Enter sequence and press Tab
= Frequency penalty 0
|II||I‘I|‘H “III“lI ety
OO il...1 | -
’ o i i ’
money
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Context in Prompting

Pedstav si, 2e Tom méa matku Mary. Jak se jmenuje syn Mary? Self-Attention can
Infer opposite
Implication using the
context.

Syn Mary by se jmenoval Tom, protoZe v Gvodu tve otazky jsi fekl, 2e Tom ma matku Mary.

Jak se jmenuje syn Mary Lee Pfeiffer?

LO n g -te rm m e m O ry | n F F @ BohuZel nemam informace o synovi Mary Lee Pfeiffer, protoZe moje znalosti sahaji F'JLT:-LII:'-!_j: do
does not have this ability. s

zafl 2021, a nemam aktualnl informa soukromych osobédch a jejich rodinny

Pro aktualni informace o této osobé byste mohl zkusit provéfit dostupne verejne zdroje nebo

viyhledat aktudlni zpravodajskeé clanky.

i:i Jak se jmenuje matka Toma Cruise?

@ Matka Toma Cruise se jmenuje Mary Lee Pfeiffer.




Step1

Training with Human Feedback

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 & year ald

}

(e}

Z

Some people went
to the moon...

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 & year old

Explain gravity...

Moan is natural
saballita of.,, the mocn

Explain war.,

Paople want to

Ouyang et al.,

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

, 2022



https://arxiv.org/abs/2203.02155

Attention In Image Processing

* Image Classification & Detection:

(Convolutional Block Attention Module)
(Spatial and Channel)
(Vision Transformer)

(Convolution with Self-Attention)

HEBN

34


https://arxiv.org/pdf/1807.06521.pdf
https://arxiv.org/pdf/1809.02983.pdf
https://arxiv.org/pdf/2010.11929.pdf
https://arxiv.org/pdf/2106.04803.pdf
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Vision Transformer (VIT)

Vision Transformer (ViT) i Transformer Encoder
I r A
Class [ L x
Bird
bt e | .
?_‘ﬂ}f I MLP
N ! }
Transformer Encoder ] : L )
” I g ~
Patch + Position i-
Embedding > m ‘ @ é | hdAlltltgnIt_}gﬁd
* Extra learnable
[class] embedding [ Lmedr Pm]ectlon of Fldttened Patches :
| LN W B
% - . | | | Norm
i=n - OEEAERLEE |
H‘} % o SN AT il G 5= [
T | Embedded
[ Patches
Dosovitskiy et al., , ICLR 2021

35


https://arxiv.org/pdf/2010.11929v2.pdf

Convolutional Block Attention Module

Input Feature

R —.

Convolutional Block Attention Module

Channel
Attention Spatial Refined

Module Attention

\ j’ Module

Feature

\Input feature F

Channel Attention Modul
MaxPool

= S

—(—7
'\ AvgPool j -\ @ @ Channel Attention

Shared MLP M.

J

-~

\_

Spatial Attention Module

conv
layer

Channel-refined [MaxPool, AvgPool] Spatlal Attention

feature F’

Woo et al.,

, 2018
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https://arxiv.org/pdf/1807.06521.pdf
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Dual Attention

Position Attention Module

reshape
—_— >
. L VCxHxW
ResNet
: reshape
; H‘
convolution layer

L
ﬁ Spatial attention matrix CxHxW

Channel attention matrix _
Channel Attention Module

Spatial matrix operation Channel matrix operation ) Matrix multiplication €D Element-wise Sum

Fu et al., , 2019
37


https://arxiv.org/pdf/1809.02983.pdf
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Dual Attention

»  —>reshape & transpose

B
A/ l softmax
— > Q—>
(C reshape
(HXW)x(Hxw) Y, reshape
— >
8 D reshape
CxHx

=

A. Position attention module

I '
A/ reshape reshape E

CxC
reshape o softmax

g 1 \

» reshape & transpose CxHxW

B. Channel attention module
38



Self-supervised training

* VIT requires a lot of training data
* Pretraining + fine-tuning

* Pretraining methods:
- Mask Autoencoder (MAE)
- Self-distillation with no labels (DINO)

HEBN
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He et al.,
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https://arxiv.org/abs/2111.06377
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DINO

e Several local views

- small areas of the original
iImage (0.05 - 0.4)

- 96x96 pixels

- For the student
* Two global views

- large area of the original
iImage (0.4 — 1.0)

- 224x224 pixels

— Only for the teacher

Caron et al., , 2021
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https://arxiv.org/abs/2104.14294

SOFTMAX

Student

SOFTMAX

CENTER
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SOFTMAX

Student

-Pt LOG Ps

SOFTMAX

CENTER
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-Pt LOG Ps

Avoid collapse: centering and sharpening

45



(1) Contrastive pre-training

Pepper the
aussie pup

e

Text
Encoder

Image
Encoder

CLIP

* Contrastive Language-Image Pretraining

T, T T3 Tn
—» L Ii'Ty | 'To | I Ts L' Tx
—> D LTy | IpTy | IyTs IryTn
I3 3Ty | 13T, | I3Ts I3 Ty
—» Iy InTy | InTy | InT3 InTxn

(2) Create dataset classifier from label text

plane

B photo of -

a {object}.

(3) Use for zero-shot prediction

Image
Encoder

Text
Encoder

) 4 ) 4 L 4 A 4
T Ty Ts Ty
I I'Ty | IpTy | 1Ty I;' Ty
4
A photo of
a dog.
Radford et al., , 2021
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https://arxiv.org/abs/2103.00020
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