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Plan for today |5

What | will cover: What will be left out:

Intro to Neural NLP X Low-level architectural details

[

Transformers & Transfer Learning XX Coding examples

Current trends in NLP X (Mostly) non-NLP subfields

SHESE

Limitations and open questions

Main goal: Provide distilled understanding to investigate further.
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Introduction to Neural NLP
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A Growing Interest for NLP ./

e Stanford now teaches 10x students in NLP
w.r.t 1999-2004, and 2x w.r.t 2012-2014.

Stanford NLP class enrollment

1200 B C5224D (DL NLP) [

e NLP-first startups (HuggingFace, Rasa, "giizs(l(;;’e“h’ ]
Gong, etc.) raised > 200M US$ in 2020. 1000 C5224U (NLU)

CS124 (ugrad HLT)

800 m C5224N (NLP)

e Open sourcing heavily adopted:
o HuggingFace with 10k models, >50k &0
model downloads per day, >400

contributors on Github 0
o BigScience Workshop - European 200
CERN for NLP 0 -_--------.-...II
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Source: stateof.ai 2020 report
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The Turn Things Have Taken Since 2018

Google: BERT now used on almost every English
query

(Google announced numerous improvements made to search over the year and some
new features coming soon.

Barry Schwartz on October 15, 2020 at 3:17 pm

Behind the Paper That
Led to a Google
Researcher’s Firing

Timnit Gebru was one of seven authors
on a study that examined prior research
on training artificial intelligence models to
understand language.

www.aindo.ai

Artificial intelligence 3days
The race to understand the exhilarating,
dangerous world of language Al

Hundreds of scientists around the world are working together to understand one of
the most powerful emerging technologies before it's too late.
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A Wide World of NLP Tasks ¢

Machine Question
Translation Answering
Papers With Code - i
Natural L P '
Language AA Sentiment
ST e P S : ) Modellin 574 Analysis
898 benchmarks * 347 tasks * 970 datasets 1 9671 pa pers witn code . L—J
=2 20 benchmark =2 56 be
| Natural :
; Named Entity ‘ Reading B Dialogue Text .
s g guage . : ’ Topic Models
Recognition Comprehension TR Generation Q  Classification
2 e 2 e 2 2 2
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Non-Contextual Word Embeddings

Output
Dense vectors used to represent text. Input Softr':ax
Good: Concise, semantic similarity. X110 Hidden 0 |1
X2| 0 0 [¥Y2
Bad: Not useful for polysemy. _ N /Khl\ _
_ ha 1%
Popular: Word2Vec, Glove, Fasttext : Vector ofword o 3
. g
X | Matixw [V=1 | X Matrix w” & N =
Xi| @ ' : 1|y
A vetked ' Context matrix
L @ hN
haa \“*. T o swam ’ Embedding matrix \/
i s walking ® Xyl O N-dimension vector 0 |yv
\_/ \_/

swimming

/.\“, /o\*

Mikolov et al. 2013, Pennington
Male-Female Veerb tense et al. 2014, Mikolov et al. 2017
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ELMo: Contextualizing Word Embeddings

0.1% | Aardvark Forward Language Model
Possible classes: @
i 10% | Improvisat Forward
All English words mprovisation Layer 1
el Ml Rl |
) - ! —~ !
0% | Zyzzyva ! RN P10 run | P11 (h.o): RNN RNN
1 Cell 1 Cell 1 1f/; 1 Cell Rev 1 Cell Rev 1
: -
L. S, N 1
OUtpUt [ FFNN + Softmax ]
Layer
Forward
Layer O

______________________________

LSTM ‘ > " . E RNN RNN
e @@ @ ol=rEre
o o 1T o o 1171 o o 11T ‘ 3 ‘ ‘

LSTM @ &
Throw a stick to the dog

no), RNN RNN
(& c Il Rev o c Il Rev o

Layer #1 w w w

Embedding I I I L Y - Y L Y g VS
Eml‘)’:::lcilngs Layer O Layer 1

Let’s stick to the plan

Peters et al. 2018
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Before: Recurrent Neural Networks

e First model to successfully tackle seq2seq,
e (an be used to model inputs with variable length.

e Examples: Google Translate (decoder), ELMo

But:

e Difficult to parallelize.
e |neffective for long-term
dependencies.

: h hy! /!
e Use single state to encode :@—»[ i ]—°>[ L] ]—1> he ) m
all input information. T i ________ ? ________ o

"the" "zone" <start> "la"
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Now: Transformers

e (an also be used to model

variable-length input.
1, 1, I3 1y 15 Ig

(i O I I O

® Highl‘y paral‘lelizabl‘e Ei Ei- EK- Ef E?~ EY- EY- LM Head| |LM Head| [LM Head| |LM Head| |LM Head| |LM Head
_ o tor Nttt $ 1t 4ttt
e Effective at maintaining long ( SR ey R, Deccder Bloik
distance relations. . 4
. . L Encoder Block \]\. Decoder Block
e Less information loss by T \ ¢
encoding inputs as sequences [ Encoder Block ) Becoder Block
instead of using a singlestate. ¢+ ¢+ ¢+ ¢+ ¢+ ¢+ ¢ t $ ¥ t i $

(] Example5' GPT—Z BERT etc x;=I xy=want x3=to x;=buy X;=a Xg=car x;=EOS yo=BOS )’1;1(3}1 yr‘will yr‘cin y;*AAulo yv,fk.‘f\ufcu y.,—iZOS
. , , .
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The Hardware Lottery ¢, -

Datar Parallel Rank O

(" Pipeline Stage 0 ) (" Pipeline Stage 1 " Pipeline Stage 2 (" Pipeline Stage 3
oo P vy S
b= OIS = — I
e ] &) s e
= ST | = ; ) A
. . ) RS (= ] — I
A model is just as good as the " — N —— —

QDI O \_ Network Layers 8-15 ) \_ Network Layers 24-31 )

GPUs & TPUs — Transformers Data Parallel Rank 1

hardware it runs on”

" Pipeline Stage 0 /" Pipeline Stage 1 " Pipeline Stage 2 /" Pipeline Stage 3

i}

111

1111

. Network Layers 0-7 > \_ Network Layers 8-15 ) _ Network Layers 16-23 \_ Network Layers 24-31 )

Hooker 2020
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The Transformer Architecture
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Output
Probabilities
[ ] [ ]
Attention is All You Need
( (A2 Nom ]
Feed
Forward
4 | N\ Add & Norm je~N
. . . (> Add & Norm ] Mut-Hoad
e The model is the first using only attention, Feed Attention .
. . Forward X
without any recurrent operation. L 1 J
. Nx | —(Add &Norm ) ==ty
e Encoder-decoder architecture, later dropped —— Masked_
= ulti-real
by many notable examples kA“e“ﬂO”} Attonon
O J \ —)
Positional D Positional
Encoding ¢ Encoding
Input Output
Embedding Embedding
Inputs Outputs Vaswani et al. 2017

(shifted right)
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Self-attention

1) For each input token, create a query vector, a ,and a
value vector by multiplying by weight Matrices WQ, , WV

wa, WV

]
m

\} X X X X
|
]
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Self-attention

2) Multiply (dot product) the current query vector, by all the
, to get a score of how well they match

score 20% 10% 50% 20%
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(Multi-Head) Self-attention

3) Multiply the value vectors by the scores, then sum up

QKT

zn Attention(Q, K, V) = softmax( )14

) ) o - MultiHead(Q, K, V) = Concat(head, ..., head;, )W ©°
where head; = Attention(QW ",Q KWK, vwY)

score (.2 0.1 0.5 0.2

[T TT] [T 1 LT 1]
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Positional Encodings

1.
2.

|dentify a position deterministically and univocally
Provide distance information between positions

N O Ot s W= O

= = = = O O O O
= = O O B» O O

= O = O = O = O

10 :
3 1 g5
12
13 :
14 :
15:

www.aindo.ai
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Skip Connections and Layer Normalization

Batch Norm Layer Norm

weight layer
X relu
ight | . . =
weignht layer identity
F(x) +x
e Help with converge and vanishing gradients e |mprove generalization, reduce covariate shift

e Preserve positional information e Less movement — Speed up training
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Transfer Learning in NLP
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ever
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or gold The best

dollar
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(b) LM fine-tuning (c) Classifier fine-tuning

(a) LM pre-training

Howard and Ruder 2018
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The pre-training procedure

word2vec

ELMo
Random init GPT
models BERT

S$SSin compute K \

[ Pre-trained
Base model
l T language model

Very large corpus (| =
\ / < P

Days of training
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The fine-tuning procedure

word2vec Text classification
ELMo Word labeling
GPT Question-Answeri
BERT rg

f \ Training can be done on single GPU
Pre-trained , Fine-tuned

language model language model

\ J Small dataset K /

Easily reproducible
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Autoencoding (Masked) Language Models

‘
T
Classification Layer
ottt t
J f f f T e Mathematical Model: P( class | “input seq”)
( BERT Block ) ‘
t \ [ ] e Tasks: Natural Language Understanding e.g.
proveessseeeee: sentiment classification, named entity
( BERT Block------------ -~ RS AN recognition, ...
""""""""""""""" 1 RS
( BERT Block ) ..o Prominent Models: BERT, ALBERT,
£+ 3 s 1 [ ‘ } DistiiBERT

Devlin et al. 2019, Lan et al. 2019
Sanh et al. 2019



A

MaSked s OUTDUt ki Possible classes:

masked word’s position

Language to predict the masked word AL TGRS 0% /LL/[
Modeling B il

BERT

Randomly mask cee

15% of tokens
[CLS] [MASK]

Input
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Autoregressive (Causal) Language Models

$11 ?l_- fl\ Tl; ﬁl,,.
G,\l Hn-e«D EAI HwnD Gl\l lh-mD G..\l I|(-mD ...
4 4 i 4 R e Mathematical Model: P( out_seq_i | out_seq_0:i-1)
( GPT?2 Block I T T P
t N [ | | e Tasks: Natural Language Generation, especially
Y open-domain generation
[ GPT2 Block -~ D
B N ' . e Prominent Models: GPT1, GPT2, GPT3
( GPT2 Block ) L. L, L
A S T A U ERSUR I S I " ___________ T _______

Radford et al. 2018, Radford et al. 2019
Brown et al. 2020
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Sequence-to-sequence Language Models

1 1, 15 1

I L ot
"X, « o
e A LM Head LM Head LM Head LM Head
t ~N— :

Encoder Block ! ! ! !

< e o Decoder Block
X \\\ ]
: \\\ T

Encoder Block | a e Blon

' \
2 ¢
Encoder Block | Decoder Block

=um
bl

F : £ 14 14 |4

X3 X4 e Xn
Yo Y1 Y2 ¥3

$I,..

LM Hoad

?

Mathematical Model: P( out_seq i |
out_seq_0:i-1, in_seq_0:n)

Tasks: Natural Language Generation,
especially Conditioned Natural
Generation (Seqg2Seq)

Prominent Models: TS, BART, Pegasus

Raffel et al. 2019, Zhang et al. 2020,
Lewis et al. 2019
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Predict likelihood

that sentence B il i
belongs after —
99% NotNext
sentence A
[ FFNN + Softmax ]
Sentence-level
Objectives
BERT

Tokenized cee

Input (cLs) [MASK]

Input [CLS) [MASK] [MASK]

Sentence A Sentence B
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Example: Spam Detection

Y

Classifier

85% Spam
BERT
15%  Not Spam

Sub-word tokens + L—-) ;J

Attention mask + [CLS]

Positional Embeddings + or
Sentence |d Avg. Pool
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Attention Masking -

Fully-visible Causal Causal with prefix

- SN

Purpose: Prevent the decoder to attend over future locations
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Current Trends in NLP
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° ° \ ]
Ramping up model & data sizes ;%
»v
20000
600 000 000
GShard
175 000 000
—_ ° GPT-3
2
o 17000
=15000 Turin.q-NLG
= oee —
c cleoe
= 11000
0 T5
3
£ LOVIDIA. °
egatron
©10000 s
©
o
% °
-
@ @ RoBERTa
2 355
£ OpenAI W
=] z UNIVERSITY of WASHINGTON
=z 5000 cig-(l)-oz rover
G} e Ai2 1500 i+
sece®
A|2 OpenAlI cecoe Transformer &l 52
ELMo GPT BERT E"‘-G'V? MT-DNN  XLM Y, XLM-R °
04 110 340 e 330 665 o DistilBERT 550
66
5 - ® ° ° $ o o ©
340
q/g\% %Q\Q XLNETSN ‘L&Q
Carnegie
> & Mellors &
QO University &
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Size Drives Performances

”
4.2
6 N\ L=(D/5.4-10%3)~0%% | 5.6 \\ L= (N/8.8 -1013)=0:076
_ 3.9 L8
) 9
7] 3.6
2 4.0
9 4
“—
b4 3.3 3.2
= 3
3.0
2.4
L = (Cpinf/2.3 - 108)—0:050
2 — — — r 2.7 : : v v .
10-2  10° 107> 103 10! 10! 108 109 10° 107 10?
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

Estimated training costs: ~2M US$ for T5-11B, >10M US$ for GPT-3
Brown et al. 2020
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Large Models are Data Efficient

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 10 number of parameters

|
10° 10 100

8 8

103 Params
» Compute-efficient
10° Params training stops far

short of convergence

4 4

107 10 10 10 10+ 10-3 100
Tokens Processed Compute (PF-days)

Brown et al. 2020
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Everything is Text-to-Text [ 54 &

TS5

At Aindo we are currently using UnifiedQA, a variant of T5 built for unifying different QA

formats, for performing structured inference over clinical reports.
Raffel et al. 2019
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Transformers Beyond NLP

Vision Transformer (ViT)

) DeepMind

Transformer Encoder

|
et > iﬁdﬁﬁ@ﬁ @

* Extra learnable
[class] embedding mear Projection of Flattened Patches ]

g i . I | I I l I I I (RNA polymerase domain) (adhesin tip)
S ﬂ B T T A e
—_—
E 5"1" 4 I Experimental result
“ E @® Computational prediction

Dosovitskiy et al. 2020, Jumper et al. 2020

T1037 / 6vr4 T1049 / 6yaf
90.7 GDT 93.3 GDT

l—

EE
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Making the Attention Computation Efficient

[ ==
EEEEEEEEEEEE NN
 Global

A

WattsStrogatz

0 EEEEEE [
:ﬂ:::: ......... NN
SEEECEEEE
ii‘;iiﬁiiililiiij 1||::::::i::
] w I I
T 1] == PR AN

+:‘::::::::h:: I e
';'fﬁiff “““ 1] i 11t I
e E m DR e
‘1\ T 1 e

Random BigBird

Zaheer et al. 2020
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Multilingual Neural Language Models

Dataset size (in GB)
S o o

p— = —
hu je——
hi—" e —
fr |jo——————
fi je———
ko |es——
CS P
NO P
Pt |——
¢l |j——
zh j——
da |e——
pl |———
hl. — ]
it |——
nl je——
|r e —

T = -2 o N E=pE =833 =
"'—".5'7-5“-0!: ZTMEE=3 5 5

IIIIIIIIIIIIIIIII-||||
£E3VT8x>S gl X EEES=SE5T SR 2 S2ENY ‘5.2 ZEm MmO E R ALNE S NS OSSN ST L LS
SEESEXZESSE ECOT SN ASSEERSE b ZERYOEAUESOMER RS A ZEILESSRa

B CommonCrawl B Wikipedia

Figure 1: Amount of data in GiB (log-scale) for the 88 languages that appear in both the Wiki-100 corpus used for
mBERT and XI.M-100, and the CC-100 used for XLM-R. CC-100 increases the amount of data by several orders
of magnitude, in particular for low-resource languages.

Conneau et al. 2020
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Multilingual Neural Language Models

600B

——— MOoE(2048,36L) - 600B
MoE(2048,12L) - 2008

=
W 10} MoE(512E,36L) - 150B
73]
g ——— MoE(512E,12L) - 50B
—— MoE(128E,36L) - 37B
——— MoE(128E,12L) - 12.5B
ST YA T aegtessamend e T(96L) - 2.38
Of . . .
1B+ examples « high-resouce languages low-resource languages - 10k examples
per language per language

While by no means low-resource, Italian is very lacking in terms of datasets. Our research project TransQA is

aimed at building a model translation pipeline to create new Italian NLMs without retraining.
Conneau et al. 2020
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Zero-shot

The model predicts the answer given only a natural language

) S
PI'O m ptl ng » description of the task. No gradient updates are performed.

Translate English to French: task description
TriviaQA
70 Fine-tuned SOTA ] cheese => promipt
60
Few-shot

50
- In addition to the task description, the model sees a few
[&]
@ 40 :
g examples of the task. No gradient updates are performed.
Q
< 30

20 Translate English to French: task description

—e— Zero-Shot
0 - Oneshol sea otter => loutre de mer examples
Few-Shot (K=64)
0.1B 0.4B 08B 13B 26B 6.7B 13B 175B peppermj_nt => menthe poivrée

Parameters in LM (Billions)
plush girafe => girafe peluche

Brown et al. 2020, Schick et al. 2020 cheese => prompt
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Models

Open Source Communities

bert-base-uncased

A xlm-roberta-base

The Al community
building the future.

the art models

Datasets

powered b

acronym_identification
Acronym identification training and development sets for the acronym identification
task at SDU@AAAI-21
) star 46,459 : e
adversarial ga

PY P AdversarialQA is a Reading Comprehension dataset, consisting of questions posed by
B I g SC I e n Ce Wo rks h o p crowdworkers on a set of Wikipedia articles using an adversarial model-in-the-loop

afrikaans_nexr_corpus

The Summer of Language Models 21

Named entit) ed data from the NCHLT Text Resource Development: Phase Il

h PERSON, LOCATION, ORGANISATION and MISCELLANEOUS

Project, ar
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Applications to
Software

Development

Example of using GPT-3 to
build React.js apps on the fly.

Other use cases:

e Debugging
e Programming Language
Translation

www.aindo.ai



https://docs.google.com/file/d/1xLRTdUNSdRuHigFQHvvjZFL4aNU4RWZg/preview

A

a snail made of harp. a snail with the texture of a harp.

Language Meets Vision

DALL-E is a 12B version of GPT-3
trained to generate images from text
descriptions, using a dataset of
text—image pairs.

®

OpenAl

Ramesh et al. 2021
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Multimodal Neurons for Language and Vision

CLIP ResNet 50 4x 0.40 the comedy circus geek challenge ! - lori spicer,
0.40 the comedy circus geek challenge ! - lori spicer,

“Comedy neuron” 0.40 new review :@ funlens - duh !
0.40 new review :@ funlens - duh'!
0.40 new review :@ funlens duh'!

0.39 # tax lien comedy faq - the big one'!
@ 0.39 # tax lien double comedy : the big one !

OpenAl

CLIP ResNet 50 16x
Unit 2,298
“Beard neuron”

0.42 strong beard dynamo ! # iter # pler 4

0.42 truebeardchampionship , torpemiento , wpf

0.42 truebeardchampionship , torpemiento , wpf

0.41 # tempe imam salah mirza gani's dispositions are
0.41 strong beards # wethepeople family love to keep
0.41 strong beards # wethepeople family love to keep
0.41 beard dynamo ! # iter # kepler 4

0.41 truebeardroad . facebook en movimiento

Goh et al. 2021
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Current Limitations
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Build Better Benchmarks &

o3 SuperGLUE
88 Human Baselines 89.8
T5
81 PAI Albert
RoBERTa (ensemble)
3 RoBERTa-mtl-adv
NEZHA-Large
RoBERTa
® © © © @ RoBERTa-iCETS
v v v v v BERT-mtl
SR N GPT-3 few-shot
r19 rf}) 'boo ’1,0 <\?~ ew-sno 5

Wang et al. 2018, 2019
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The Dangers of Stochastic Parrots ?.

QOutput
Probabilities

1. Massive data, inscrutable models

Models reflect the biases present in their training data. Undocumented

data are risky.

2. Manipulating language is not understanding it

The financial interest in NLP is only in producing the best model. More

effort should be devoted to curation, interpretability and efficiency.

Positional ‘E ’ e Positional

Encoding Encoding
Input Output
Embedding Embedding

3. The illusion of meaning

Inputs Outputs
(shifted right)

Models fluent in generating language are at best morally dubious, at worst

a threat to our society and our democracy. Bender et al. 2021
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Generalization or Memorization?

Training Data Extraction Attack Evaluation
200,000 LM Sorted ; Choose Check
LM (GPT-2) Generations  Generations Deduplicate |

Top-100 Memorization

(using one of 6 metrics)

Prefix —_— _—

—= —= e
East Stroudsburg Stroudsburg... ] —> . = _>
:i* ! Search No
Y | = 2 X

Categorization of memorized data

G F)T_ 2 Prefixes

r - US and international news 109
Memorized text ] Y Log files and error reports I /9
. Licenses, copyright notices I 54
Horporatlon Seabank Centre Lists of items IEEEG— T 5/
; Forum or Wiki entry HE s 53
Marine Parade Southport vaIE DR 0

Named individuals (non-news) IS 46
.com Promotional content I 45
Alphanumerical (UUIDs, base64) s 35
Contact information IS 32
Code IS 31
~ Configuration files IIIIIE———— 30
Religious texts IS 25
Pseudonyms s 15
Donald Trump tweets and quotes N 12
Web forms s 11
Tech news mmmmm 11
Lists of humbers s 10

Carlini et al. 2020
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Thanks for the

KT
softma.cz:(Q 1% !
Vdy
y @gsarti in gabrielesarti

@ gsarti.com ( ’ gsarti

g gabriele.sarti9®96@gmail.com
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