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C3: f. maps 16@10x10

INPUT C1: feature maps S4: f. maps 16@5x5
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RNN

h, = 1,6 (WOx + Whht_1>]T ando, = 9 = o(W@h,)

« Training dataset consists of (input sequence, label

sequence) pairs, potentially of varying lengths [h_]DWh )
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Unrolling RNN
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Training RNNs
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Forward pass to compute outputs and hidden representations
<

Backward pass to compute gradients

* |ssue: as the sequence length grows, the gradient is more likely to explode
or vanish



Training RNNs
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Forward pass to compute outputs and hidden representations
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Backward pass through
a subsequence

* |dea: limit the number of time steps to backprop through




LSTM

« LSTM networks address the vanishing gradient problem by replacing
hidden layers with memory cells
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LSTM

« LSTM networks address the vanishing gradient problem by replacing
hidden layers with memory cells

« Each cell still computes a hidden representation but also maintains a
separate internal state, ¢;
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LSTM
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« The internal state allows information to move through time without
needing to affect the hidden representations!
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Transformer

Attention Is All You Need
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.0 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature.
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Transformer
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Tokens

« A vector of neurons
« An encapsulated bundle of information

array of neurons array of tokens
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Tokens

« A vector of neurons
« An encapsulated bundle of information

array of neurons array of tokens
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Tokens

- BILEmAYR/R, BLATokenize 54
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AN IMAGE IS WORTH 16X16 WORDS:
TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE
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Tokens

- TokenfYLEs: BEFIEARANE XANEKIE
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Tokens Characters

23 78

GPT-40 I am teaching Pattern Recognition at Fudan, and having a good time.
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Tokens Characters

34 78

GPT-3 I am teaching Pattern Recognition at Fudan, and having a good time.
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Self Attention
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Self Attention

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

Step 1
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Self Attention
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Self Attention

Step 3 Input Thinking Machines
o \',:7 N ,\\ EE‘Q_ 3

BRI EEERFEHR(/d) embedding N .
Step 4 Queries q1 g2
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Score qi® ki= qi ® k2 =

Quick Statistics Review:
« Mean of sum = sum of means=d; *0 =0 Divide by 8 (/dy )
* Variance of sum = sum of variances = dj * 1 = dj,
* To set the variance to 1, simply divide by \/d; ! Softmax




Self Attention

Input Thinking Machines
Step5 Embedding il x2 [
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Positional Encoding

C ENCODER #1
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 Positional Encoding: C ENCODER #0
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Positional Encoding
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Positional Encoding
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input sin(x) sin(x/B) sm(x/B ) sin(x/B°) sin(x/B*)
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Encoder
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Encoder

Decoding time step:®2 3456
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WITH TIME
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Softmax

2

Linear

2

Add & Normalize

/)

Encoder-Decoder Attention

Add & Normalize

Self-Attention

Softmax Layer: 70 #E LAWK

Linear Layer: Ji%decoder4: i Ay )= T2
logitsmlE/, AR RzPIEMIRDE
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Encoder-Decoder Attention: BRI
FHEEER

Word Embedding, Positional
Encoding, Self-Attention, ...




Decoder

Decoding time step: 1@3 4 56

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT

OUTPUT
Kencdec Vencdec ( Linear + Softmax
LT (ITT1] (1111 &'.'1'. &'.'.'. T
3 (
ENCODERS DECODERS
J \.
D t D t
CITT] LI T LTI HEEE
LTI LLTT1] CLTT] [(TIT]
Je suis  étudiant PREVIOUS

OUTPUTS

VNI

S/

U 044,
@.“WDI
A

{90




<

200
AIT

Attention is all you need

90

« Non-local operation

z TxHxWx1024
Q KT :@: |
r N 1x1x1
V y4 TxHxWx512
softmax THWxS512
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. e
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Attention is all you need

Qin = Zin W, 4 query matrix
Kin = Z;x: Wi 4 key matrix
éﬁ%‘; = 5E%jj }% Vin = Z;x W, q value matrix
QinK?n . ol 05
- in) — ; : kR b
A = f(tin) = softmax( Vi ) q attention matrix
a

Zout = AVin
tout

attentiontX EA, EFARS5HAX
f HoH% (BaFXhE BiaEY
EEES)

/j\’\ A’ﬁiﬁ*)\d‘ﬁaé S TFAEWXHER T —

X
WEBIATX AW
tin |j

VIS T2ERERAWX

W is free parameters.

Ais a function of some input data. The data tells us which tokens to
attend to (assign high weight in weighted sum)
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ImageNet ImageNet-21k JFT-300M 102 103 7 102 10°

Pre-training dataset Total pre-training compute [exaFLOPs]
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"Generally speaking, a good representation is one that makes a

subsequent learning task easier” — Deep Learning, Goodfellow et
al. 2016

« 1. Concentration/Alignment: Data from the same class is close
together

« 2. Separation: Classes are well separated
« 3. Robustness to irrelevant perturbations
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* DINO: self-supervised vision transformers
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» CLIP: 3=-EHEXILE

\ are two “views” of the same scene

T A Language-Vision Representation Learning

[Karpathy, Joulin, Fei-Fei 2014]

[CLIP, Radford, Kim et al. 2021]

A man is riding a
horse in a desert
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- Context Learning (aka few-shot learning): A&~

Output: text

. Pretrained and frozen .
a very serious cat.

frained from sorateh —

|

T n-th GATED XATTN-DENSE
Perceiver Perceiver :

GO S L bl

1st GATED XATTN-DENSE

—

Processed text
|<image> This is a very cute dog.<image> This is

Interleaved visual/text data

This is a very cute dog.

|

This is
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- Prompt Engineering: #0{ali&itiFprompt

Chain of thought prompting

(Input:

Model
output:

Q: Roger has 5 tennis balls. He buys 2 more cana
of tennis balls. Each can has 3 tennis balls. How
many tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis
balls each is 6 tennis balls. 5 + 6 = 11. The answer
is 11.

Q: John takes care of 10 dogs. Each dog takes
.5 hours a day to walk and take care of their
business. How many hours a week does he
spend taking care of dogs?

A:

John takes care of 10 dogs. Each dog takes .5
hours a day to walk and take care of their
business. So that is 10 x .5 = 5 hours a day. 5

hours a day x 7 days a week = 35 hours a week.
The answer is 35 hours a week. 4 J
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 Context Engineering: dMIiZITHFLLMEEZERER

Types of Context

~
Instructions
Y,

\

~

N

Knowledge
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J
~

Tools
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