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E a ping pong ball has rolled underneath my coach. How can i retrieve it? i have a ball of
string, a pair of scissors, a hockey stick, a lamp, a tennis shoe, and a jar of peanut butter.

@ Here's one way you can retrieve the ping pong ball using the items you have:

1. Take the ball of string and tie one end to the hockey stick.

2. Use the hockey stick to reach under the couch and try to hook the ping pong ball with
the end of the stick.

C h a tG PT 3. If the ping pong ball is out of reach, tie the other end of the string to the lamp or a

sturdy piece of furniture near the couch to create a makeshift pulley system.

4. Use the hockey stick to guide the string under the couch, and then tie it to the tennis
shoe.

5. Use the shoe as a weight and slowly pull on the other end of the string to lift the shoe
and the ping pong ball out from under the couch.

6. If the ping pong ball is still stuck, you can try spreading some peanut butter on the end
of the hockey stick to make it more adhesive and try to pick up the ball with it.

Inspired by Tenenbaum'’s Be sure to use caution and avoid damaging any of your belongings or hurting yourself
talk @AAAI23 while retrieving the ping pong ball.



g thereis an apple inside a blue box. there is also a red box inside the blue box. the red box
has a lid on it. how can i get the apple?

@ If the red box inside the blue box has a lid on it, then you cannot directly access the apple
inside the blue box. However, there are a few options for getting the apple:

1. If the blue box has a lid that can be opened, you can simply open the lid and reach
C h a tG PT inside to get the apple.

2. If the red box inside the blue box has a removable lid, you can try to remove the lid of
the red box and then reach inside to get the apple.

3. If the red box inside the blue box does not have a removable lid and you cannot directly
access the apple, you may need to take the red box out of the blue box and then open
the lid of the red box to get the apple.

4. If the blue box is not yours and you do not have permission to open it, or if the apple
and boxes are part of a puzzle or game with specific rules or constraints, then you may

need to follow the rules or obtain permission before accessing the apple.
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Transformer in Biological Science

Highly accurate proteinstructure prediction
with AlphaFold

https://doi.org/10.1038/s41586-021-03819-2  John Jumper"**, Richard Evans'*, Alexander Pritzel'*, Tim Green'*, Michael Figurnov'*,
Olaf Ronneberger'*, Kathryn Tunyasuvunakool'*, Russ Bates'*, Augustin Zidek'*,

Receiusce 1 My 2021 Anna Potapenko™, Alex Bridgland'*, Clemens Meyer'*, Simon A. A. Kohl",

Accepted: 12 July 2021 Andrew J. Ballard"*, Andrew Cowie'*, Bernardino Romera-Paredes™*, Stanislav Nikolov'*,
Rishub Jain'#, Jonas Adler’, Trevor Back', Stig Petersen', David Reiman', Ellen Clancy',
Michal Zielinski', Martin Steinegger*®, Michalina Pacholska', Tamas Berghammer,

Open access Sebastian Bodenstein', David Silver', Oriol Vinyals', Andrew W. Senior', Koray Kavukcuoglu',

nature

Published online: 15 July 2021

\® Check for updates

Biological structure and function emerge from scaling
unsupervised learning to 250 million protein sequences

Alexander Rives®”'%(), Joshua Meier®’, Tom Sercu®'®, Siddharth Goyal®', Zeming Lin®, Jason Liu®, Demi Guo®>,

Myle Ott?, C. Lawrence Zitnick?, Jerry Ma®®3, and Rob Fergus® p N n S
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Fundamentals of GPT-x ?
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Traditional(?) Learning Curves

.
under-fitting . over-fitting under-parameterized \ over-parameterized

- Test risk Test risk

£ - - . g -
“classical” . “modern”™
regime . interpolating regime

~ o ‘Training risk - Training risk
sweet spot o~ =~

Sa = - e —
Capacity of Capacity of H

(a) (b)

Figure 1: Curves for training risk (dashed line) and test risk (solid line). (a) The classical
U-shaped risk curve arising from the bias-variance trade-off. (b) The double descent risk curve,
which incorporates the U-shaped risk curve (i.e., the “classical” regime) together with the observed
behavior from using high capacity function classes (i.e., the “modern” interpolating regime), sep-
arated by the interpolation threshold. The predictors to the right of the interpolation threshold
have zero training risk.

. _interpolation threshold

https://arxiv.org/pdf/1812.11118.pdf
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Large-scale Language Model Training Curve

Zero-shot

One-shot

Prompt

Natural Language N/\y
el 7

Few-shot

e i

Number of Examples in Context (K)

S ™

175B Params

— LLaMA 7B
LLaMA 13B

—— LLaMA 33B

—— LLaMA 65B

0 200 400 600 800 1000 1200 1400
Billion of tokens

Figure 1: Training loss over train tokens for the 7B,
13B, 33B, and 65 models. LLLaMA-33B and LLaMA-
65B were trained on 1.4T tokens. The smaller models
were trained on 1.0T tokens. All models are trained
with a batch size of 4M tokens.




Scaling Laws for Neural Language Models

« 2020.01.23, OpenAl

— L =(D/5.4 -1013)—0.095 6 —— L=(N/8.8-1013)—0.076
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L = (Cminf2.3 - 108)-0:050

105 10-* 10~ 10! 108 0° 0° 107

Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

a PF day = 3 A100 days
(8.6e19 FLOPs)




Scaling Laws for Neural Language Models

« Performance depends strongly on scale
weakly on model shape

« Performance has a power-law relationship
with each of the three scale factors N, D, C

» Performance improves predictably
as long as we scale up N and D
—D NO.74

— every time we increase the model size 8x, we only need to increas
e the data by roughly 5x to avoid a penalty




Scaling Laws for Neural Language Models

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
Test Loss 10 N number of parameters

103 108 109

\ 10° Params

A\

- Compute-efficient
training stops far
short of convergence

T

107 ' 10 10¢
Tokens Processed Compute (PF-days)

Figure 2 We show a series of language model training runs, with models ranging in size from 10° to 10°
parameters (excluding embeddings).




Learning at Scale

* If you read a long book (80k words) every day for 70 years

— Two billions words (2e9)

« GPT-3 Is trained on

— 3e11 tokens (100x more)
 Te15 Common Crawls (from internet)
« Te12 Library of Congress
 3e9 English Wikipedia
— 1024 A100 GPUs on (at least) 34 days
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Word Embedding
— One-hot embedding

— Word2Vec (Skip-gram, CBOW)
— GloVe

Language Model
— n-gram
— Recurrent Neural Network

Attention Methods
— Transformer

Large-scale Language Models

Applications
— Multimodal Learning




WORD EMBEDDING



Data Representation

Table of baby-name data
(baby-2010.csv)

Field

name rank gender e names

Jacob 1 bo
Y ., One row
Isabella 1 girl (4 fields)

Ethan boy

Sophia girl

Michael boy

240 241 241 207 199 284 231 225
240 237 238 183 163 28 213: 225
239 240 240 183 166 219211 195
238 237 240 176 172 176 205 189
240 240 239 184 167 168 141 117
239 240 240 182 180 160 142 117

2000 rows
all told

image from "https://web.stanford.edu/class/cs101/table-data.html”




Data Representation — Text

» Conventional Word Representations
— O[|O]X|, 241 &2l 210 HO]H = discrete
— One-hot encoding
. OJ|O|E{Of ZEt=l CHO| 2 AP |2t 2 one-hot encoding=
_6|—O:| '—“—,_FO-|§ B Word One-hot encoding

° Discrete, Sparse economic 000010...

growth 001000...
has 100000...

» All vectors are orthogonal sowed 000001
— There are no natural notion of similarity for one-hot vectors




Word Embedding

« Assumption: Distributional semantics (hypothesis)
— Linguistic items with similar distributions have similar meanings
— Representing words by their context

...government debt problems turning into banking crises as happened in 2009...
...saying that Europe needs unified banking regulation to replace the hodgepodge...
...India has just given its banking system a shot in the arm...

N\ £

These context words will represent banking

image from https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1214/slides/cs224n-2021-lecture01-wordvecs1.pdf




Word Embedding

 Build a dense vector for each worc
 similar to vectors of words that appear in similar contexts

hely

- R
0.286

0.792
-0.177
banking = -0.107

0.109
-0.542

0.349

_ 0271 )

image from https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1214/slides/cs224n-2021-lecture01-wordvecs1.pdf



Word2Vec

« Efficient Estimation of Word Representations in Vector Space
— T. Mikolov et al., ICLR Workshop, 2013

 Distributed Representations of Words and Phrases and their Compositionality
— T. Mikolov et al., 2013, NeurlPS

Distributed Representations of Words and Phrases
and their Compositionality

Tomas Mikolov Ilya Sutskever Kai Chen
Google Inc. Google Inc. Google Inc.
Mountain View Mountain View Mountain View
mikolov@google.com ilyasu@google.com kai@google.com

Greg Corrado Jeffrey Dean
Google Inc. Google Inc.
Mountain View Mountain View
gcorrado@google.com jeff@google.com




Word2Vec

« Key Idea

— Find word representations
that are useful for
predicting the surrounding
words

INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT

— Use the similarity of the
word vectors to calculate
the probability

Skip-gram




Word2Vec

Wit Wi+2

-m-nmm

context words center context words
word




Word2Vec

Wit Wii2

-m-nmm

context words center context words
word

d §

1
training objective function T Z Z log ])('U-’t.+j |'Uft)
t=1 —c<j3<e,35#0

plwo|wy) =




Interesting Results of the Word2Vec

Country and Capital Vectors Projected by PCA

T T 1

China¢

T
»Beijing
Russia«

Japan
Moscow

Turkey sAnkara T 0kyo

Poland«

Germany«

X
France *Warsaw

Italy<
Spain«

x
.5 |- Portugal

x Berlin
Paris

x ->Athens

Greecex Rome

»Madrid
Aisbon

1

1

woman girl

man
\\ father 4‘ slow
son
cat ki

queen boy

ng
dog \ mother &‘
daughter

\ cats
dogs France
/ England
he
Paris / Italy \ she long
London \
himself

Rome herself

fastest

https://medium.com/analytics-vidhya/implementing-word2vec-in-tensorflow-44f93cf2665f




Another Word (Neural) Embedding

Using co-occurrence information

Coulq
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Co-occurrence based word vectors

» Singular Value Decomposition of co-occurrence matrix X

Factorize X into UXVT ILLJL’...
— U, V are orthogonal H'U

k
|
U, - -
1]

~
© JANITOR X ]

SWIMMER .
© STUDENT
An Improved Model of Semantic Similarity Based on Lexical
OCLEAN TEAGHER Co-Occurrence
©DOCTOR Douglas L. T. Rohde
Massachusetts Institute of Technology, Department of Brain and Cognitive Sciences
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oSWIM
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Laura M. Gonnerman
Lehigh University, Department of Psychology
OLEARN  OTEACH David C. Plaut
J'MARRY Carnegie Mellon University, Department of Psychology,

and the Center for the Neural Basis of Cognition

November 7, 2005
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GloVe: Global Vectors for Word Representation

Jeffrey Pennington, Richard Socher, Christopher D. Manning
. Computer Science Department, Stanford University, Stanford, CA 94305
°® Key Idea jpennin@stanford.edu, richard@socher.org, manning@stanford.edu

— Ratios of co-occurrence probabilities can encode meaning

components ,
x = solid X = gas X = water X =random

P(:z:\ice) large small large small

P(z|steam) small large large small

P(zlice)
P(z|steam)

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1214/slides/cs224n-2021-lecture02-wordvecs2.pdf

large small




GloVe: Global Vectors for Word Representation

Jeffrey Pennington, Richard Socher, Christopher D. Manning
. Computer Science Department, Stanford University, Stanford, CA 94305
° Key Idea jpennin@stanford.edu, richard@socher.org, manning@stanford.edu

— Ratios of co-occurrence probabilities can encode meaning
components
x = solid X = gas x =water | x=fashion

P(zlice) |1.9x10* |6.6x105| 3.0x103 | 1.7x10°

P(g;|steam) 22%10% | 78%10%*| 2.2%10° 1.8 x 105

P(zlice)
P(z|steam)

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1214/slides/cs224n-2021-lecture02-wordvecs?2.pdf

8.9 8.5 x 107




 Training Objective
w; - Wy = logP(z'|j)

vV

S = Z f(X,'j) (WITWJ' +bi +Ej —logX,-j)z
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LANGUAGE MODELS



Language Models




Language Models

« Language modeling is the task of predicting what word
comes next.

books

laptops
P(xt*1xt, ..., x1) ﬁﬂﬂ'ﬂ{ﬂ

d Z00

IV = {Wl, W», ,lel}

P(xt, .., xt) = P(xH)xP(x?|x)x - xP(xt|xt71, ..., x1)

P(This is a sentence) = P(This) x P(is | This) x P(a | This is ) x P(sentence| This is a )




n-gram Language Models

« Modeling with Markov assumption
— x* depends only on the preceding (n-1) words

P(xtxt, ..., xY) = P(xt 1t .., xt 1 F9)

« For example, if n=3

P(This is a sentence from AAA) = P(This)
x P(is | This) calculate by counting
x P(a | This is ) the phrases in large
x P(sentence| Hais-is a ) corpus of text
X P(from | Hais—s a sentence)
X P(AAA |Hats—ts-a sentence from)




Neural Word Embedding

« Neural network®| hidden vector = 0| 2350 EHO{ 9| o|0O]
= HYol= 7|8

» Neural network language model (NNLM, 2003)

i-th output = P(w, = i| context)

p(W) = Zp(wﬂwl, ooy Wi—1)

P(wz‘\wl, reey wz’—l) = P(wi\w¢—4,wz‘—3, W;—2, wi—l)

O0O0OO0OOOOCe®
000000000
000000000

., Matrix C

shared parameters
000000000 rOreS W
000000000 across words
0000000 ®0

index for wy_,. index for w;_» index for w,_,;




Recurrent Neural Network (RNN)

outputs
(optional) {

hidden states <

input sequence
(any length) {




An illustrative example

target chars:

output layer

0.3
hidden layer | -0.1

0.9

input layer

1
0
0
0

input chars: “h"




Recurrent Neural Network (RNN)

output distribution
'Y = softmax (Uh(” — bg) e RV

hidden states
RO = o (Wih() + Wee + b))

h(9) is the initial hidden state

Ik

(

) g'l

~

]

word embeddings
elt) — Epoap(t)

—Eﬂoeoo

words / one-hot vectors the  students opened  their
2® ¢ RIVI (1) 2(2) x3) 24




Process — Next word prediction

It’s

World I

Hello



Process — Next word prediction

Hello World

1 0
0 1
0 0
0 0
0 0
0 0

el _lolloloNe
RO OOOO



Process — Next word prediction

Hello World

1 0
0 1
0 0
0 0
0 0
0 0

el _lolloloNe
RO OOOO



Process — Next word prediction

Hello World

1 0
0 1
0 0
0 0
0 0
0 0

el _lolloloNe
RO OOOO



E s; = tanh(Ux; + Ws;—1)

)/z\t = sof tmax(V's;)
Vv

EY.9) = - ) EOuY)

A
— Z —y: log y;
t

U

Ey Es
—><J(D—>@—><J2> E(Yta)/’\t) = =Vt log)/’\t
j@ J‘Q

1
] W
I




Learning

0E;  OE; 9y
vV g ov
N _ 0E3 dys 023
— [J (<')’€::: AIA - a.)% 623 aV

— :@: ﬁ@—> = (3 —y3) ® 53
L O

Lo iy €I I3 €Ly I N
oW oy 0s3 OW

2 23: OE; Y3 0s3 Osy
oW o)y 0s3 dsp OW

[ 9s) [ Osg
dsp 081

k=0




RNN Applications

Automatic Text Generation

PANDARUS:

Alas, I think he shall be come approached and the day
When little srain would be attain'd into being never fed,
And who is but a chain and subjects of his death,

I should not sleep.

Second Senator:

They are away this miseries, produced upon my soul,
Breaking and strongly should be buried, when I perish
The earth and thoughts of many states.

DUKE VINCENTIO:
Well, your wit is in the care of side and that.

Second Lord:

They would be ruled after this chamber, and

my fair nues begun out of the fact, to be conveyed,
Whose noble souls I'll have the heart of the wars.

Clown:
Come, sir, I will make did behold your worship.

VIOLA:
I'll drink it.

http://karpathy.github.io/2015/05/21/rnn—effectiveness/



Attention is all you need

SELF-ATTENTION



Attention Is All You Need

Ashish Vaswani® Noam Shazeer” Niki Parmar” Jakob Uszkoreit”
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com

Llion Jones® Aidan N. Gomez" ' Lukasz Kaiser”
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin® *
illia.polosukhin@gmail.com

Attention is all you need
A Vaswani, N Shazeer, N Parmar... - Advances in neural ..., 2017 - proceedings.neurips.cc
... the number of attention heads and the attention key and v=!'1a dimancinane Lasanina tha
amount of computation constant, as described in Section 3.2..
¢ Save 99 Cite | Cited by 45648| Related articles All 4

Attention is all you need
A Vaswani, N Shazeer, N Parmar... - Advances in neural ..., 2017 - proceedings.neurips.cc

... to attend to all positions in the decoder up to and including that position. We need to prevent
... We implement this inside of scaled dot-product attention by masking out (setting to —=) ...

vr Save Y9 Cite |Cited by 79588 | Related articles All 46 versions 99




Background - RNN

« Sequence Modeling
« LSTM, GRU

Encoder LSTM




Attention

Published as a conference paper at ICLR 2015

NEURAL MACHINE TRANSLATION
BY JOINTLY LEARNING TO ALIGN AND TRANSLATE

Dzmitry Bahdanau
Jacobs University Bremen, Germany

KyungHyun Cho Yoshua Bengio”
Université de Montréal




RESPONSE

It is sunny today <eos>
4 4
Encoder LSTM T T T
—_— " b — —b a— —D —D

T T T T A A T T T

How is weather today? <go> It is sunny today
.
BackGround - Attention

St-l St

* Attention mechanism
Neural Machine Translation By Jointly Learning To
Align And Translate (ICLR 2015)

* Attention mechanisms are used in conjunction
with a recurrent network

* Hidden state Si S’L — f(82—17 y2—17 C’I,) — ’ = '\  qm— ﬁ

* Annotations h; Tz
+ Contextvectorc; ' Z aijh;
=1

* Energy e;;

€ij = a(8i-1, hy) | e <ih |
_ __exp(ey)
S hZ, exp (eik) XX X Xr

e PrObablllty aij

(,Yij




Self-attention

Attention(Q,K,V) = softmax

v d
It is likely that the token “Michael” “director” might also have a big
Weights itself has the biggest weight/score. score depending on standards of

A | calculating attentions beucas o Anthony
| “Michael” is a director. ‘Hopkins | |

/ ‘admired

Michael

~ Bay

&
> Ap o= taw o=l «
. < :
> s v !
~ - \
~

P4

: jAw;ocw Imlni admired thh-d [Bay | [ s [ a ] fo;ul ] sdu:omd] L as
N A & h ", 4 -, b - > j —~ - £20 : a ) "
\QY S Keys 1 great 1/} The sum of the
w" 4 | director. /' rewe ig hted
[Anthorly [Hopkins [admired (Michael [ Bay ] [ s ) [ a ! 4 - =
Daced : values

Query

https://data-science-blog.com/blog/2021/04/07/multi-head-attention-mechanism/




Model Architecture - Encoder

* Composed of a stack of N(=6) identical layers

* Each layer has two sub-layers
- Multi-head self-attention
- Simple, positionwise fully connected
feed-forward network

* Residual connection
* Layer normalization

* Output of sub-layer =
LayerNorm(x + Sublayer(x))
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LARGE-SCALE LANGUAGE MODELS



Input Prompt:

Recite the first law of robotics

A robot may not injure a human
being or, through inaction,
allow a human being to
come to harm.

e 1/5B parameters
( 96 layers, 12,288 dimensions,

96 heads)

Train about 300B tokens
60%: 2016-2019 C4
22%: WebText?2
16%: books
3%: Wikipedia
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GPT-style Languagle Model

Transformer
with masked
self-attention

Transformer
with masked
self-attention

Transformer
with masked
self-attention

Probabilities
over target
(next) token

Word
embeddings

Linear +
Softmax
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Traditional fine-tuning (not used for GPT-3)

Fine-tuning

The model is trained via repeated gradient updates using a
large corpus of example tasks.

> loutre de mer

peppermint > menthe poivree

plush giraffe => girafe peluche

Zero-shot

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

Translate English to French

cheese

Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French:
sea otter => loutre de mer
peppermint => menthe poivrée
plush girafe => girafe peluche

One-shot

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed

Translate English to French:

sea otter => loutre de mer

OpenAl, GPT3




Pre-training, Fine-tuning, Zero-shot Learning

Fine-tuning
zero-shot
one-shot
Few-shot

Pre-train 2}

Model }

q Taskl

Upstream task

h 4

1 Model

» Task2

Knowledge Transfer

Downstream task



Zero-shot One-shot Few-shot

e 170B Params
Natural Language

Prompt
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Number of Examples in Context (K)




Pre-training, Fine-tuning, Zero-shot Learning

ASR

: Yir
« Let's go open up ourcamperdoor» —

Word
embedding

Pre-training

& ur

Downstream Tasks

>

Cross-modal | 7.7 HowTo(U)
Transformer

W ur Lvisual st
o Kinetics(U)

ActNet(L)
Classifier 50Salads(L)
Breakfast(L)

Captioning 4> YouCook2(L)

T |
| Tempora 4. COIN(L)
Segmentatlon

Classifier UCF101(L)
HMDBS51(L)

https://arxiv.org/abs/1906.05743
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