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Generative Pre-Training (GPT)
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Why Transformer?

RNNSs: slow sequential processing

LSTMs/GRUs: limited long-range memory (LLM has the same
problem!!)
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Sequence-to-sequence (Seq2seq)

The output length is determined by model.
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Seq2seq for Chatbot

“Hello! How are you today?”
A

v

input seqg2seq response

lIHi”

PERSON I:] Hi
PERSON 2:] Hello ! How are you today ?
[PERSON I:] I am good thank you . how are you.
[PERSON 2:] Great, thanks ! My children and I were just about to watch Game of Thrones.

. . [PERSON 1:] Nice ! How old are your children?
Traini ng [PERSON 2:] I have four that range in age from 10 to 21. You?
d ata: [PERSON 1:] I do not have children at the moment.
’ [PERSON 2:] That just means you get to keep all the popcorn for yourself.

[PERSON 1:] And Cheetos at the moment!
[PERSON 2:] Good choice. Do you watch Game of Thrones?
[PERSON 1:] No, I do not have much time for TV.
[PERSON 2:] I usually spend my time painting: but, I love the show.

Syracuse University BEST Lab
ult EnmsTigﬁzé &Technology




Most Natural Lanquage Processing applications ...

4l R
Question Context Answer
What is a major importance ...Southern California is a major friajor Economie
of Southern California in relation  economic center for the state eBhbar
to California and the US? of California and the US....
What is the translation Most of the planet is Der Grofdteil der
from English to German? ocean water. Erde ist Meerwasser
Q What is the Harry Potter star Daniel Harry Potter star
A . summary? Radcliffe gains access to a Daniel Radcliffe gets
NSWerl ng reported £320 million fortune... £320M fortune...
( Q A) Hypothesis: Product and geography Premise: Conceptually cream
are what make cream skimming  skimming has two basic Entailment
work. Entailment, neutral, dimensions — product and geography.
or contradiction?
A stirring, funny and finally
Is this sentence transporting re-imagining of positive
positive or negative? Beauty and the Beast and
. . 1930s horror film.
- {eentment anaysis) @ decaNLP

QA can be done by seq2seq

guestion, context
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Seq2seq for Syntactic Parsing

Is it a sequence?

|
Model [ VP }
Output 1
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Model
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Seq2seq for Syntactic Parsing
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Seq2seq for Syntactic Parsing

~
(S (NP deep learning ) (VP s
(ADJV very powerful ) )
\. J
Grammar as a Foreign Language
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Google
geoffhintonfgoogle.com /ab5/14127449
7
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Seq2seq for Multi-Label Classification

An object can belong
to multiple classes.

Class 1 Class 1 Class 3 Class 10
Class 3 Class 9
Class 17

Class9 Class7 Class 13

https://arxiv.org/abs/1909.03434
https://arxiv.org/abs/1707.05495
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Encoder

Transformer’s Encoder

You can use RNN or CNN. — i ~
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| use the same network

architecture as
transformer encoder.
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To learn more ......

e On Layer Normalization in the x‘T"l le
Transformer Architecture Layer Norm oo
 https://arxiv.org/abs/2002.047 addiion h
> h
Layer Norm

L L

* PowerNorm: Rethinking Batch Layer Norm addition
Normalization in Transformers - [
Multi-Head
 https://arxiv.org/abs/2003.078 S Aﬂe;tion
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Decoder — Autoregressive (AT)
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Autoregressive

distribution
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Autoregressive

Bing Dong Machine Learning
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What'’s inside Self-attention layer?
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Self-attention
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Self-attention

--------
-----
" [
““““
“““
.®
.t

Py

----------
.............
R S R e A ot e T
"a,
y

ay
ty
Yy
“
-
[
....
[
1
N
a
.
[
a
.
a
'y

Find the relevant vectors in a sequence

27



Self-attention
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Self-attention
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Self-attention Extract information based
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Self-attention
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Self-attention =—» Masked Self-attention p2 — y o, v
. l
l

Why masked? Consider how does decoder work
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Multi-head Self-attention Different types of relevance
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Multi-head Self-attention Different types of relevance
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Multi-head Self-attention Different types of relevance
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We do not know the correct

Autoregressive output length.
Bing Dong  Machine  Learning Never stop!
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Adding “Stop Token”
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Autoregressive

E'i'D Never stop!

Bing Dong Machine Learning :
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Encoder-Decoder
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Output
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Cross
attention
_
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Cross Attention

Source of image:
https://arxiv.org/abs/2005.08081
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Training
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Teacher Forcing: using the ground truth as input.
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Large Language Model----A Self-Supervised Learned Transformer
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Self-Supervised Learning

Self-
Supervised f.
supervised
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Masking Input

Bing 0.1
Dong 0.7
Machine 0.1

SOftmaxT Learning 0.1
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- - O

Did ~ Dong »
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(special L |
token) Lineay (all characters)

f

Transformer
Encoder

Randomly masking
some tokens
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Ground
truth

Masking Input

minimize cross
SOftmaXT entro py Dong
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f
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Encoder
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BERT

Self-supervised
Learning

Pre-train

 Masked token prediction
 Next sentence prediction

Fine-tune

Model for
Task 3

Model for
Task 2

Model for
Task 1

Downstream Tasks e The tasks we care

* We have a little bit labeled datz
Syracuse University @ BEST Lab
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How to use BERT

* Extraction-based QueStion In meteorology, precinitation is any product
Answe ring (QA) of the condensation of 17 spheric water vapor
that falls under gravity. ... main forms of pre-

cipitation include drizzle, rain, sleet, snow, grau-

pel and hail... Precipitation forms as smaller
droplets coalesce via collision with other rain
drops or ice crystals within a cloud. Short, in-

Query: Q — {Ch; qdz, ", qM} tense periods of rain 77 atte 4g cations are

called “showers”.

Document: D ={d,,d,, ,dy}

S What causes precipitation to fall?

gravity { _ _ }
s=17,e =17

What is another main form of precipitation be-

sides drizzle, rain, snow, sleet and hail?

D QA
Q Model e

output: two integers (s, e) graupel
Where do water droplets collide with ice crystals
Answer: A= {ds, e de} to form precipitation?

within a cloud {S =77,e =79 ]
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How to use BERT

Random 0}3 OiS 01'2
Initialized L Softmax )

inner product mp

BERT

[CLS] as q  [SEP]  di d; d;
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How to use BERT

I I Random 0-11 Oi2 01.7
<22 e=3 Initialized L Softmax J

The answer is “d, d5”. inner product m)

BERT

[CLS]  as q,  [SEP] d; d;

Syracuse University qu estion d ocument BEST Lab 56
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Training BERT is challenging!

Training data has more than 3 billions of words.
3000 times of Harry Potter series

85
- Google’s ALBERT-base
80
§ N
O 5e Google’s BERT-base
c
O
= " Our ALBERT-base
S5 70 https://arxiv.org/abs/2010.02480
S
L -
—e— _pretrain proces
65 ‘ IIIIIIIIIIII S P— I_I-I_IIIIIbII;It; IIII]-I
8 days with TPU v3 ST EE
—-==Dbert-base
60
— GLUE scores 0 200 k 400 k 600 k 800 k 1M
Syracuse University Pretrain steps BEST Lab 57
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Transformer

2017

Attention Is All You Need
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Llion Jones™® Aidan N. Gomez* | Lukasz Kaiser*
Google Research University of Toronto Google Brain
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Transformer  BERT 340M GPT-2 (1.5B) GPT-3 (175B)
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Any Questions?

bidong@syr.edu
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