Unit 3: Learning from other people

6. Modern language models
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1. Embedding models are a general class of models for
representing meaning in a vector-space

2. Embedding models can be used to understand
aspects of cognition and language

3. The leading edge of models don’t represent
“meaning” anymore at all



Plato’s Problem:
Even uneducated people seem to know a lot

Plato’s Solution:
Knowledge is innate

Plato (380 BC)

Chomsky'’s Problem:
Children seem to learn language from insufficient input

Chomsky'’s Solution:
Universal grammar is innate

Chomsky (1986)



Blind adults color similarities look a lot like sighted adults

LATE

COLOR LEGEND:

I RED C.ORANGE 3.GOLD 4.YELLOW 5.GREEN
6.TURQUISE 7 BLUE 8. PURPLE 9 VIOLET

Marmor (1978)



Red onions are sweeter than ones
Direct information:

Red hair occurs naturally in one to two There is a relationship between
percent of the human population e.g. red and hair

Pittsburgh one of U.S. cities with highest

number of gray days Indirect information:

| | Red, white, gray, green, and blue
Fall tips for a green spring lawn are used in similar contexts.
Lake Tahoe stretches 22 miles long and Contexts for e.g. blue and green
12 miles wide, with clear blue water are more similar than blue and red
that's more than 99 percent pure



Embedding models: Representing words as vectors

| | Embedding
Token index in dimension
the vocabulary >

39 1592 10 2548 5 Vocabu|ary
bttt >

S|ze
saw a cat

What goes in the embeddings?

Adapted from Lena Voita



A simple idea: embeddings as co-occurrence counts

2-Sized window for cat

I saw a cute grey cat playing in the garden ..

\/

contexts for cat



Hyperspace analogies to language (HAL) - Lund & Burgess (1996)

Example Matrix for “The Horse Raced Past the Barn Fell”
(Computed for Window Width of Five Words)

barn fell horse past raced the
<PERIOD> 4 5 0 2 1 3
barn 0 0 2 4 3 6
fell 5 0 1 3 2 4
horse 0 0 0 0 0 5
past 0 0 4 0 5 3
raced 0 0 5 0 0 4
the 0 0 3 5 4 2

Five Nearest Neighbors for Target Words

From Experiment 1 (n1 ... ns)

Target nl n2 n3 n4 ns
jugs juice butter vinegar  bottles cans
leningrad rome iran dresden  azerbaijan  tibet
lipstick lace pink cream purple soft
triumph beauty  prime grand former rolling
cardboard  plastic  rubber  glass thin tiny
monopoly  threat huge moral gun large




Latent semantic analysis is a smarter embedding model than HAL

columns represent context
potential contexts Word Vectors
| vectors
rOWS
represent —
Words ~
% \ % I [
V, 4 Ul

each element says about
the association between a

Reduce dimensionality:
word and a context

Truncated Singular Value Decomposition (SVD)

Insight: co-occurring with some words (or in some contexts) is
more meaningful



Can we do this separately for each word?

P(We_z|we) P(We—1|we) P(Wegq|We) P(Weg2|we)

N

I saw a cute grey cat playing in the garden

Wt_»2 Wt_q Wi Weiq Wt42
context central context
words word WOrds

We want to predict a word's context from that word



Learning contexts using a skip-gram model (Word2Vec) - Mikolov et al. (2013)
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I saw a cute grey cat playing in the garden ..

Wt—2 Wi—1 Wt W1 Wt+2

context central context
words word words




Target words’ embeddings

P(wi_slwe) P(We_1|we) P(Wegq|we) P(Weypo|wy)

N

. I saw a cute grey cat playing in the garden ..
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Target words’ embeddings

P (ugreylvin) P(ucarlvin) PQuinlvin) PQUinelvin)

N

I saw a cute grey cat playing in the garden

Wt_» We—1 W Wepq Wt42

the

in

cat

playing
garden




Estimating words’ embeddings by gradient descent

T

t=1 —m<j<m,j#0

1 1
Loss: J(0) = —TlogL(H) =7 2 logP(w;yj|lwe, 0)

t=1—-msj<m,
JE\

Q"ew — Hald _ (XVQJ(H)



Estimating words’ embeddings by gradient descent

I saw a cute grey cat playing in the garden ..

J:;(0) = —log P(cute|cat)
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Estimating words’ embeddings by gradient descent

I saw a cute grey cat playing in the garden

T
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Two ways of estimating Word2Vec

cat

I saw a cute grey cat playing in the garden ..

cat

S S —
cute grey playing

Skip-gram

N
cute

grey
playing

In

cute grey playing in
\ /
\ca‘r/
n | \ sum
cute
jjjfjj \\\\\\\s cat

grey
playing

u v

Continuous bag
of words (CBOW)



Word2Vec geometry is surprisingly meaningful!

Country and Capital Vectors Projected by PCA
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Mikolov et al. (201 3)



Global Vectors for Word Representation (GloVe - Pennington, Socher, & Manning, 2014)

context WOraQ bias terms
vector vector  (also learned)

NS /\

J(0) = 2 FON, ) - (el v, + be + by, = logN(w, ©)
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l a :
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+ not to over-weight otherwise.
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Xmax X



The structure in embeddings
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The structure in embeddings
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Embeddings encode both semantic and syntactic relationships

semantic:  v(king) - v(man) + v(woman) = v(queen)

SYNtactic:  y(kings) - v(king) + v(queen) ~ v(queens)

WOMAN QUEENS
/ AUNT
VAN / KINGS
UNCLE
QUEEN QUEEN
KING KING




Exploring embedding models

http://vectors.nlpl.eu/explore/embeddings/en/



Embedding similarities predict human similarity judgments

Size Height Shape Skin Texture Color Habitat
13 animals 15 animals 30 animals

Ordering Task Sorting Task

Car|? “‘Order based on...” “Sort into piles according to...”

. COW hippo sheep sloth

Blind e killer whale goat giraffe

. (Braille) , - -

mosquito crow polar bear swan

s x bear zebra boar dolphin

toad elephant || cheetah panda

| olephant | grizzly lion deer

koala

. Sighted s gorilla flamingo skunk

. (Print) turkey beaver panther rhino

: rhino pig pigeon bat

|| Paeei | butterfly llama mammoth shark

cat

Language Sighted Language

deer deer flamingo
boar goat pigeon
dep .
giraffe \/ / gl:raffe swan
elephant ama bat
lion AN L lion dolphin
sloth panther panda
goat cheetah polarbear
pig sheep shark S
skunk boar killerwhale >
panther pig mammoth
cheetah elephant beaver
llama / mammoth gorilla ’
hippo 7 hippo grizzly
zebra rhino rhino
rhino sloth zebra
orilla skunk hippo '
grizzly beaver llama /
mammoth gorilla panther ,
beaver grizzly cheetah Y ‘
killerwhale polarbear giraffe ‘w
shark panda elephant '
polarbear kiIIerw::ali sloth
panda shar lion
pigeon dolphin deer L\
crow E pigeon boar %é >:<
flamingo crow sheep
dolphin bat skunk
bat flamingo goat

swan

swan

pig

Diet

flamingo

swan
pigeon
crow
bat
dolphin
shark

killerwhale

gorilla
panda

polarbear

grizzly

mammoth

rhino
hippo
giraffe

elephant

beaver
skunk
sloth
zebra
panther
cheetah
lion
deer
goat
llama
boar
sheep

pig

Objects
29 objects

Kim, Elli, & Bedny (2019)

Lewis, Zettersten, &
Lupyan (2019)



Using embeddings to estimate translatability (Thompson, Roberts, & Lupyan, 2020)

Step 1:
Identify semantic
neighbours of
beautiful in English

| 1,00
Colorful
Love
Delicate
Gir
- 0.75
Delicious L
Sweet— g [ 0.50
Clever—

Sparkle
Ric

Precious
Sad
Dream - 0.25
+ 0
Semantic similarity

(cosine angle in
English vector space)

Step 2:
Translate into French
and calculate semantic
similarity to beau

|

Fille (girl: —=0.02)
Riche (rich: -0)
Triste (sad: -0)

,Doux (sweet: -0.03)
/ ,Délicieux (delicious: —0.06)

/lntelligent (clever: -0.06)

/

§

e— Précieux (precious: -0.1)

:<Aimer (love: -0.21)

. Songe (dream: -0.12)
\Appétissant (delicious: —0.16)
?\ Etinceler (sparkle: -0.21)

. Multicolore (colorful: —0.33)
Fin (delicate: -0.3)

Menu (delicate: —0.34)

t

Semantic similarity
(cosine angle in
French vector space)

Step 3:
Identify semantic
neighbours of
beau in French

b o100

Frere
Pere\
Joliy\
Fils\\\

- 0.75
Fille
Mari\

Fainéant. \
Son
Ami
Bon

Copain
soeur
Riche

Garcon

Vrai
Cadeau
Jeune

1050

- 0.25

-0
*
Semantic similarity

(cosine angle in
French vector space)

Step 4:
Translate into English
and calculate semantic
similarity to beautiful

|

Girl (fille: +0.02)

Rich (riche: +0)
Good (bon: -0.06)
Young (jeune: -0.04)
/Pretty (joli: =0.17)
Gift (cadeau: —-0.07)
//Lazy (fainéant: —0.11)
Daughter (fille: -0.16)
Boy (garcon: —0.13)
Sister (sceur: —0.13)
Friend (ami: -0.15)

True (vrai: -0.14)

)~ Sound (son: -0.17)
*\\_Husband (mari: -0.23)
Father (pere: -0.32)

Son (fils: -0.32)
Companion (copain: -0.27)

Brother (frere: -0.42)

1

Semantic similarity
(cosine angle in
English vector space)

Quantity

Time

Kinship

Miscellaneous function words
Animals

Sense perception

The physical world

Cognition

Food and drink

Possession

Spatial relations

Speech and language

The body

Social and political relations
Emotions and values
Clothing and grooming
Agriculture and vegetation
Modern world

Motion

Basic actions and technology

The house

Wikipedia

I

X

-

féiss

444

$ig44

i

0

ot
&)

1.0

Cross-linguistic semantic alignment



The problem with “meaning”

PROBABILISTIC GENERATIVE PROCESS

v(king) — v(man) + v(woman) = v(queen)

_ >
WOMAN "700 o&* 10 DOC1: money' bank' loan’
8 5 / bank! money' money’
/ AUNT park S bank’ loan!
3 “ueol 5

DOC2: money' bank’

TOPIC 1
UNCLE 5 » bank? river? loan! stream?
- D bank! money’
QUEEN S A
S 09(:_
/ stream § DOC3: river>  bank?

—— % stream? bank? river? river?
KING

e
N© Q,J/Ue? 10 stream? bank?

TOPIC 2

What about big. Or red. Or monster.



The problem with “meaning”

PROBABILISTIC GENERATIVE PROCESS

v(king) — v(man) + v(woman) = v(queen)

_ >
WOMAN "700 o&* 10 DOC1: money' bank' loan’
8 5 / bank! money' money’
/ AUNT park S bank’ loan!
3 “ueol 5

DOC2: money' bank’

TOPIC 1
UNCLE 5 » bank? river? loan! stream?
- D bank! money’
QUEEN S A
S 09(:_
/ stream § DOC3: river>  bank?

—— % stream? bank? river? river?
KING

e
N© Q,J/Ue? 10 stream? bank?

TOPIC 2

What about big. Or red. Or monster.



Word2Vec/Glove embeddings vs. Contextual embeddings

open a bank account on the river bank

(0.9, -0.2, 1.6, ..] [-1.9, -0.4, 0.1, ..]

! T

open a bank account on the river bank

Adapted from Jacob Devlin



Add & Norm

Add & Norm
Multi-Head
Attention

W

Positional
Encoding

N x

O
Input

Inputs

Input

Token
Embeddings

Segment
Embeddings

Position
Embeddings

Bidirectional Transformers for Language Understanding (BERT - Devlin et al., 2018)

[CLS] 1 my dog is [ cute 1 [SEP] he ( likes ” play 1 ##ing 1 [SEP]
E[CLS] Emy Edog Eis Ecute E[SEP] Ehe EIikes Eplay E##ing E[SEP]
e -+ + o+ -+ -+ + . -+ -+ .
E, || E, || E, || E, || Es|| Ex || Es || Es||Es|| Ex || Eq
+= -+ -+ + + + + -+ -+ + -+
EO El E2 E3 E4 ES E6 E7 E8 E9 E10




Training to predict masked words

mrf e o

softmax

Classification Layer: Fully-connected layer + GELU + Norm

"o ) (o) (o

Transformer encoder

Embedding : ‘ ’; '
W2 W3 W4 W5




Fine-tuning for individual tasks

Class

Label

_‘

EBEA BEEE
~ BERT

e - (&= [&

(ea](#] - () (Cem)(e] - ()

L |
I |

Sentence 1 Sentence 2

(a) Sentence Pair Classification Tasks:

Class

Label
BERT
faa | & || &
R
[CLS) Tok 1 Tok 2 Tok N

Single Sentence

(b) Single Sentence Classification Tasks:

Start/End Span

(c) Question Answering Tasks:

Question

Paragraph

(d) Single Sentence Tagging Tasks:

Single Sentence

MNLI, QQP, QNLI, STS-B, MRPC, SST-2, CoLA SQUAD VA1 CoNLL-2003 NER

RTE, SWAG
System MNLI-(m/mm) QQP QNLI SST-2 CoLA STS-B  MRPC RTE Average

392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k i

Pre-OpenAl SOTA 80.6/80.1 66.1 823 93.2 35.0 81.0 86.0  61.7 74.0
BiLSTM+ELMo+Attn  76.4/76.1 64.8  79.9 90.4 36.0 73.3 849  56.8 71.0
OpenAl GPT 82.1/81.4 703 88.1 1.3 45.4 30.0 823  56.0 75.2
BERTgAsE 84.6/83.4 712 90.1 93.5 52.1 85.8 889  66.4 79.6
BERT L ARGE 86.7/85.9 721  91.1 94.9 60.5 86.5 89.3  70.1 81.9




BERT demo

https://demo.allennlp.org/masked-Im



1. Embedding models are a general class of models for
representing meaning in a vector-space

2. Embedding models can be used to understand
aspects of cognition and language

3. The leading edge of models don’t represent
“meaning” anymore at all



