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| anguage Modeling is Hard (/1
p(X)e A" zTevt  p@)

- How might we go about assigning a probability to any
possible sequence, even ones we’ve never seen before?

* One intuition: sentences have internal consistencies!

A : A 3rd person
vocé fala ingles? | accusative  singular
do you speak English? case of oresent,
3rd person dog masculine
singular
- rosent 9B DPD PR
indicative atanu kukkanu custadu

he the dog sees



One Approximation

Autoregressive language modeling:

- The probability of a sequence is a product of local token
probabilities

» The probability of a token depends on the ones that came before it

n
p(T) — Hp(xz | L1,y - 7552'—1)
1=1

-+ what would you like to eat forl Q >

dinner lunch breakfast

learn how to | X
q W e r
learn how to type .
Options

learn how to code
learn how to crochet a) mu 29

If someone wants to (@) 9 0.2%
learn how to draw submerge themselves (b) whirlpool  0.1% x

in water, what should

(c) cup 0.3%

they use?

(d) puddle 0.3%




Another Approximation (//)\

Masked language modeling:

- The probability of a sequence is a product of local token
probabilities

- The probability of a token depends on the ones that came before
and after it

mn
p(T) = Hp(azz | X1, L1, Tja1 - Ty
i=1

The name anteater refers to the species'-, which consists mainly of ants and termites.




Autoregressive
Language Models
p<E) — Hp(ajz ‘ L1y ,213'7;_1)
1=1

— p(,flj‘l)p(ilfz ‘ ZIZ‘l) . . p(xn | L1y - 7277?/—1)

probability that  probability that

the first word i1s Z1the second word
IS T2, given that (X1, Tn—1)
the first word is &1

Core modeling challenge:
How do we compute these conditional probabilities?



Sampling from an
Autoregressive Language Model

n
p(T) __ Hp(% ‘ T, .. ,587;_1) Chain rule
1=1

decomposition

— p(aj’l)p(afz ‘ CE]_) . . p(:l?n | L1y 71‘%—1)

Let’s sample a sequence from this approximation:

- Sample the first word £1 ~ p(X1) € AY p(Xl)
L | p(z)

the 0.04

in 0.02

and 0.02

T L <the every | 0.02




Sampling from an
Autoregressive Language Model
p(f) — Hp(ﬂ?z ‘ L1y ,213’7;_1)
i=1

— p(aj’l)p(afz ‘ CE]_) . . p(ain | L1y 71‘%—1)

Let’s sample a sequence from this approximation:
p(XQ | I1 = the)

+ Sample the first word Z1 ~ p(X1) € AV L | p(z)
. Sample the second word @2 ~ p(X2 | 71) € AY pom
0
0
0

-ir 03

.02
.02
.02

same

Impact

line

€Tr = <the, same




Sampling from an
Autoregressive Language Model
p(f) — Hp(ﬂ?z ‘ L1y ,213’7;_1)
i=1

— p(aj’l)p(afz ‘ CE]_) . . p(:l?n | L1y 71‘%—1)

Let’s sample a sequence from this approximation:

. Sample the first word 1 ~ p(X1) € AV p(Xs | (the,same))

T
- Sample the second word :B p( )
asS 0.08
- Sample the third word way | 0.04
thing 0.04
R : time 0.04
L = < the, same, thing




Sampling from an
Autoregressive Language Model
p(f) — Hp(ﬂ?z ‘ L1y ,213’7;_1)
i=1

— p(aj’l)p(afz ‘ CE]_) . . p(:l?n | L1y 71‘%—1)

Let’s sample a sequence from this approximation:

- Sample the first word 21 ~p(Xy) € AVP(X | (@1, Tim1)

€T
- Sample the second word L po(. 1)1
- Sample the third word as 0.08
- Keep sampling until we hit EOS that | 0.07
— 0.06
€T — < the, same, thing, that




Sampling from an
Autoregressive Language Model
p<E) — Hp(ﬂ?z ‘ L1y ,213’7;_1)
i=1

— p(il?l)p(CEZ | CE]_) . . p(:l?n | L1y 71‘%—1)

Let’s sample a sequence from this approximation:

- Sample the first word 21 ~p(Xy) € AVP(X | (@1, Ti-1))

L p(r)

Sample the second word happened | 0.11

- Sample the third word happens | 0.08

- Keep sampling until we hit EOS makes 0.07

B%) . the 0.06
X = < the, same, thing, that, the




Sampling from an

Autoregressive Language Model

n
p(f) — Hp(ﬂ?z ‘ L1y ,213’7;_1)
1=1

= p(x1)p(xs | 1) ...p(xy | 21, ..

Let’s sample a sequence from this approximation:

« Samp
« Samp
« Samp

et
et
et

he first word 1 ~ p(X1) € AY DI
ne second word

ne third word

- Keep sampling until we hit EOS

X = ( the, same, thing, that, the, -y

D

°7xn—1)
Xz' | <$17 R ,ZEi_1>)
L | p(z)
-y 0.03
-ir 0.02
person 0.02
line 0.02




Sampling from an
Autoregressive Language Model
p<E) — Hp(ﬂ?z ‘ L1y ,213’7;_1)
i=1

— p(il?l)p(CEZ | CE]_) . . p(:l?n | L1y 71‘%—1)

Let’s sample a sequence from this approximation:

- Sample the first word 21 ~p(Xy) € AVP(X | (@1, Ti-1))

X
- Sample the second word ‘/I; p( )
are 0.12
» Sample the third word were 0. 05
- Keep sampling until we hit EOS have 0.04
r had 0.02
L = < the, same, thing, that, the, -y, had




Sampling from an
Autoregressive Language Model

n
p<E) — Hp(ﬂ?z ‘ L1y ,213’7;_1)
1=1

D

=p(z1)p(xe | 21)...p(Tp | X1, .., Tp_1)
Let’s sample a sequence from this approximation:
. Sample the first word 1 ~ p(X1) € AVP(Xi | <a§,} - 75("(@;;)1»
- Sample the second word oo po o4
- Sample the third word said 0.04
- Keep sampling until we hit EOS EOS 0.04
— t 0.02
T — < the, same, thing, that, the, -y, hadq, EC{% °

the same thing that they had




Word Types and Tokens (/\

= 0 Cl cdl dllU Dc 0 01 Idrigudge e JiadlOgueE S
allgudge = girng vo () (IE “18(0 Crale add Cl OIU ¢
U 21 Saliu CI€c Ccadiriy (], OI€ec (] SPE€C =

- Text data can be viewed as a sequence of words

» First step in building a language technology: building a

function that maps from arbitrary text data to that
sequence

[ ‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’,
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’, ‘user’, ‘,’,
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, '‘,’,
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, V‘,’,
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’,

‘listening’,
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’,

‘universal’, ‘skills, ‘.’]

tokenized text




Word Types and Tokens (/\

The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs RR@ LM&A od 2004

“A mechanistic psychology of dialogue”

» Type-token distinction:

» Type: a unigue word in a text corpus

» Token: an instance of a word type, appearing in a
particular context

[ ‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’,
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’, ‘user’, ‘,’,
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, '‘,’,
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, V‘,’,
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’,

‘listening’,
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.']

tokenized text




Word Types and Tokens (/\

The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs R e¥&#3 od 2004

“A mechanistic psychology of dialogue”

{vw, r,r, ‘', ‘Every’, ‘The’, ‘a’, ‘adults’, ‘and’, ‘are’, ‘basic’,

‘can’, ‘children’, ‘conversation’, ‘dialogue’, ‘even’, ‘far’, ‘form’,
‘from’, ‘hold’, ‘illiterate’, ‘including’, ‘is’, ‘language’, ‘listening’,
‘most’, ‘natural’, ‘of’, ‘preparing’, ‘reading’, ‘skills’, ‘speeches’,
‘to’, ‘universal’, ‘use’, ‘user’, ‘whereas’, ‘writing’, ‘young’}

* wordtypes (vocabulary)

[ ‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’,
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’, ‘user’, ‘,’,
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, '‘,’,
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, V‘,’,
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’, ‘listening’,
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.']

tokenized text




Word Types and Tokens (/\

The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs R e¥&#3 od 2004

“A mechanistic

psychology of dialogue”

{\ ’ ’ ’ \ .7/
S 4 4 4 ° 4

‘and’,
‘even’,

‘Every’, ‘The’, ‘a’, ‘adults’,
‘children’, ‘conversation’, ‘dialogue’,
‘from’”, ‘hold’, ‘illiterate’, ‘including’, 1‘is’,
‘most’, ‘natural’, ‘of’, ‘preparing’, ‘reading’,
‘to’, ‘universal’, ‘use’, ‘user’, ‘whereas’, ‘writing’,

‘can’,

‘are’,
‘far’,

‘language’,

‘skills’,

‘basic’,
‘form’,
‘listening’,
‘speeches’,
‘voung'’ }

wordtypes (vocabulary)

Instances (tokens) of wordtype .’

[ ‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’,
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’,
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’,
‘can’, ‘hold’, ‘a’, ‘conversation’, V‘,’, ‘whereas’,
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’,
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’,

‘user’, ,
‘adults’, ;L
‘reading’, , 7,

‘skills,

‘language’,

\ 14
\ 14
\ 4
‘listening’,

\.I]

tokenized text



Word Types and Tokens (/\

The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs R e¥&#3 od 2004

“A mechanistic

psychology of dialogue”

{\ ’ ’ ’ \ .7/
° ’ 4 4 ° 4

‘and’,
‘even’,

‘Every’, ‘The’, ‘a’, ‘adults’,
‘children’, ‘conversation’, ‘dialogue’,
‘from’”, ‘hold’, ‘illiterate’, ‘including’, 1‘is’,
‘most’, ‘natural’, ‘of’, ‘preparing’, ‘reading’,
‘to’, ‘universal’, ‘use’, ‘user’, ‘whereas’, ‘writing’,

‘can’,

‘are’,
‘far’,

‘language’,

‘skills’,

‘basic’,
‘form’,
‘listening’,
‘speeches’,
‘voung'’ }

wordtypes (vocabulary)

Instances (tokens) of wordtype ', ’

[ ‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’,
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’,
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’,
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’,
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’,
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’,

‘user’, B,
‘adults’, R
‘reading’, O

‘skills,

‘language’,
\ 4

\ 4
\ 4
‘listening’,

\.I]

tokenized text



Word Types and Tokens (/\

The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs R e¥&#3 od 2004

“A mechanistic psychology of dialogue”

(v, ", , ‘', ‘Every’, ‘The’, ‘a’, ‘adults’, ‘and’
‘children’, ‘conversation’, ‘dialogue’,
‘from’”, ‘hold’, ‘illiterate’, ‘including’, 1‘is’,
‘most’, ‘natural’, ‘of’, ‘preparing’, ‘reading’,

‘to’, ‘universal’, ‘use’, ‘user’, ‘whereas’,

‘can’,

, ‘are’,
‘even’,
‘language’,
‘skills’,
‘writing’,

‘basic’,
‘form’,
‘listening’,
‘speeches’,
‘voung'’ }

‘far’,

wordtypes (vocabulary)

instances (tokens) of wordtype ‘Every’

[ ‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’,
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’,
‘including’, ‘young’, ‘children’, ‘and’,
‘can’, ‘hold’, ‘a’, ‘conversation’, V',’,
‘writing’, ‘,’, ‘preparing’, ‘speeches’,
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’,

‘whereas’,
‘and’,
‘universal’,

\OfI’
‘user’, ,
‘illiterate’,

‘even’,

‘language’,
\ 14
‘adults’, VY, 7,
‘reading’, V‘,’,
‘listening’,

\.I]

‘skills,

tokenized text



Word Types and Tokens (/\

The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs R e¥&#3 od 2004

“A mechanistic psychology of dialogue”

(., ", ‘', ‘Every’, ‘The’, ‘a’, ‘adults’, ‘and’
‘children’, ‘conversation’, ‘dialogue’,
‘from’”, ‘hold’, ‘illiterate’, ‘including’, 1‘is’,
‘most’, ‘natural’, ‘of’, ‘preparing’, ‘reading’,

‘to’, ‘universal’, ‘use’, ‘user’, ‘whereas’,

‘can’,

, ‘are’,
‘even’,
‘language’,
‘skills’,
‘writing’,

‘basic’,
‘form’,
‘listening’,
‘speeches’,
‘voung'’ }

‘far’,

wordtypes (vocabulary)

instances (tokens) of wordtype ‘and’

[ ‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’,
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’,
‘including’, ‘young’, ‘children’, ‘and’,
‘can’, ‘hold’, ‘a’, ‘conversation’, V',’,
‘writing’, ‘,’, ‘preparing’, ‘speeches’,
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’,

‘whereas’,
‘and’,
‘universal’,

\OfI’
‘user’, ,
‘illiterate’,

‘even’,

‘language’,
\ 14
‘adults’, VY, 7,
‘reading’, V‘,’,
‘listening’,

\.I]

‘skills,

tokenized text



Word Types and Tokens (/\

The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs R e¥&#3 od 2004

“A mechanistic psychology of dialogue”

{\ ’ ’ ’ \ .7/
° 4 4 4 ° 4

‘and’
‘even

‘Every’, ‘The’, ‘a’, ‘adults’,
‘children’, ‘conversation’, ‘dialogue’,
‘from’”, ‘hold’, ‘illiterate’, ‘including’, 1‘is’,
‘most’, ‘natural’, ‘of’, ‘preparing’, ‘reading’,
‘to’, ‘universal’, ‘use’, ‘user’, ‘whereas’,

‘can’,

, ‘are’,
14

14
‘language’,
‘skills’,
‘writing’,

‘basic’,
‘form’,
‘listening’,
‘speeches’,
‘young’ }

‘far’,

wordtypes (vocabulary)

instances (tokens) of wordtype ‘language’

[ ‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’,
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’,
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate
‘can’, ‘hold’, ‘a’, ‘conversation’, V‘,’, ‘whereas’,

‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’,
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’,

\OfI’
‘user’, ,

4
4

‘even’,

‘language’,
\ 14
‘adults’, VY, 7,
‘reading’, V‘,’,
‘listening’,

\.I]

‘skills,

tokenized text



Word Types and Tokens (/\

The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs R e¥&#3 od 2004

“A mechanistic psychology of dialogue”

vocabulary =

(., ,, ‘.7, ‘Every’, ‘The’, ‘a’, ‘adults’, ‘and’, ‘are’, ‘basic’,
‘can’, ‘children’, ‘conversation’, ‘dialogue’, ‘even’, ‘far’, ‘form’,
‘from’, ‘hold’, ‘illiterate’, ‘including’, ‘is’, ‘language’, ‘listening’,
‘most’, ‘natural’, ‘of’, ‘preparing’, ‘reading’, ‘skills’, ‘speeches’,
‘to’, ‘universal’, ‘use’, ‘user’, ‘whereas’, ‘writing’, ‘young’]

vocabulary as a look-up table

tokenized text = [‘The’, ‘most’, ... , ’'skills, ‘.’]
tokenized indices = [vocabulary.index (token) for token in tokenized text]

tokenized indices: [4, 24, 25, 7, 9, 1o, 20, 22, 33, 21, 13, 2, 3, 22,
34, 1, 20, 37, 1., 7, 19, o, 1, 10, 18, 5, 12, 1, 35, 28, 1, 36, 1, 27,
3o, 7, 14, 23, 31, 30, 8, 15, 17, 32, 29, O]

text as a sequence of wordtype indices




The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs R e¥&#3 od 2004

“A mechanistic psychology of dialogue”

- Simplest tokenizer (for English): splitting on spaces

tokenized = s.split (' V)

[‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’,
‘use’, ‘is’, ‘dialogue:’, ‘Every’, ‘language’, ‘user,’, ‘including’,
‘voung’, ‘children’, ‘and’, ‘illiterate’, ‘adults,’, ‘can’, ‘hold’, ‘a’,
‘conversation,’, ‘whereas’, ‘reading,’, ‘writing,’, ‘preparing’,
‘speeches’, ‘and’, ‘even’, ‘listening’, ‘to’, ‘speeches’, ‘are’, ‘far’,
‘from’, ‘universal’, ‘skills.’]

- But this gets us some weird wordtypes:

‘dialogue:’

‘ , 4_ Not really words different from
user, ) _
‘skills.’ dialogue, user, skills




Rule-Based Tokenization ¢\

The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs RR@ LM&A od 2004

“A mechanistic psychology of dialogue”

» nltk tokenizers, with special rules for punctuation

import nltk

tokenized = nltk.word tokenize(s)

[ ‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’,
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’,
‘including’, ‘young’, ‘children’,
‘can’, ‘hold’, ‘a’, ‘conversation’, V,’,
‘writing’, ‘,’, ‘preparing’, ‘speeches’,
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’,

‘form’,
‘language’,
‘and’,

‘of”, ‘language’,
‘US@I’, \’I’
‘illiterate’, ‘adults’,
‘whereas’, ‘reading’, V‘,’,
‘and’, ‘even’, ‘listening’,
‘universal’, ‘skills, ‘.’]

\ 4
4 4

- But this still loses similarity between wordtypes

Lexically similar to, but

4— morphologically distinct from
SKill, read, speech

‘skills’
‘reading’
‘speeches’




Rule-Based Tokenization ¢\

The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs RR@ LM&A od 2004

“A mechanistic psychology of dialogue”

» nltk tokenizers, with special rules for punctuation

import nltk
tokenized = nltk.word tokenize(s)

[ ‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’,

‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’,

‘form’, ‘of’, ‘language’,
‘language’, ‘user’, V‘,7,
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, V‘,’,
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, ‘,’,
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’, ‘listening’,
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.']

 And doesn’t work for all languages
TagNNI5eaNSULHUD LA YSAANAUSZANG LazansivintignnuLaz laul laan

USIAN ANITN N9 AANBULHIATIUATY NYEETURANNALIHALENDEIAIN AN
2RSITN UazauaNIN Lu lan

Universal Declaration of Human Rights in Thai



Rule-Based Tokenization ¢\

The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs RR@ LM&A od 2004

“A mechanistic psychology of dialogue”

» nltk tokenizers, with special rules for punctuation

import nltk
tokenized = nltk.word tokenize(s)

[ ‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’,

‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’,

‘form’, ‘of’, ‘language’,
‘language’, ‘user’, V‘,7,
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, V‘,’,
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, ‘,’,
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’, ‘listening’,
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.']

« Once you've “trained” your tokenizer, you're stuck with it

vocab = [‘Y.", ",' Vo ‘Every’,

’ ’ ° ’

vocab.index (ChatGPT’) — not found!

. , ‘writing’, ‘young’]




Rule-Based Tokenization ¢\

The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs R e¥&#3 od 2004

“A mechanistic psychology of dialogue”

» nltk tokenizers, with special rules for punctuation

import nltk
tokenized = nltk.word tokenize(s)

[ ‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’,
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’, ‘user’, V‘,’,
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, V‘,’,
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, ‘,’,
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’, ‘listening’,
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.']

« Once you've “trained” your tokenizer, you're stuck with it

vocab = [, ",", Y:', ‘Every’, ... , ‘writing’, ‘young’, ‘<UNK>’]

tokenized 1ndices = 1)
[vocabulary.index (token) for token in tokenized text add a special token
if token in vocabulary for unknown words
else vocabulary.index ( *<UNK>') ]




Bytes as Wordtypes /1

The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs R e¥&#3 od 2004

“A mechanistic psychology of dialogue”

 Strings are sequences of characters (bytes)!

tokenized = s.encode ()

54 68 65 20 od 6f 73 74 20 6e 61 74 75 72 61 6c 20 61 6e 64 20 62 61 73 69 63 20 66 6f 72 6d 20 6f 66 20
oc 61 6e 67 75 61 67 65 20 75 73 65 20 69 73 20 64 69 61 6c of 67 75 65 3a 20 45 76 65 72 79 20 6c 61 6e
67 75 61 67 65 20 75 73 65 72 2c 20 69 6e 63 6¢c 75 64 69 6e 67 20 79 6f 75 6e 67 20 63 68 69 6Cc 64 72 65
be 20 61 be 64 20 69 6Cc 6Cc 069 74 65 72 61 74 65 20 61 64 75 6c 74 73 2c 20 63 61 6e 20 68 6f o6c 64 20 ol
20 63 6f 6e 76 65 72 73 61 74 69 of 6be 2c 20 77 68 65 72 65 61 73 20 72 65 61 64 69 6e 67 2c 20 77 72 69
74 69 6e 67 2c 20 70 72 65 70 61 72 69 6e 67 20 73 70 65 65 63 68 65 73 20 61 6e 64 20 65 76 65 6e 20 6C
69 73 74 65 6e 69 6be 67 20 74 6f£ 20 73 70 65 65 63 68 65 73 20 61 72 65 20 66 61 72 20 66 72 6f 6d 20 75
be 69 76 65 72 73 61 6c 20 73 6b 69 6c 6c 73 2e

- Now our vocabulary is a flxed size (aII pOSS|bIe Unicode
characters) c:-esevsmonn™™ T o M N B W R

] A ‘abcdefghpquUq)X‘-pw
6 97 98 99 180 181 16

355 8356 8357 8358 8359 8360 8361 8362 8363
184 961 962 963 964 965 966 967 968 969

93 9
ijklmnoparst o pogrRerer>=mwny # Jp § P ¢ A 2 ¢ 1t S

195 106 197 188 189 1O 111 112 M3 14 15 116 8470 8473 B4TA guu5 guze 8477 8478 8479 8480 8481 8482 8483
8366 8367 8368 8369 8370 8371 8372 8373 8374 8375
uvwxyz { ]| } ~ € Z %3 QU 3 1 KA @ 6 e ¢

T — W
T — T ——————



The most natural and basic form of language use is dialogue: Every
language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs R e¥&#3 od 2004

“A mechanistic psychology of dialogue”

 Strings are sequences of characters (bytes)!

tokenized = s.encode ()

54 68 65 20 od 6f 73 74 20 6e 61 74 75 72 61 6c 20 61 6e 64 20 62 61 73 69 63 20 66 6f 72 6d 20 6f 66 20
oc 61 6e 67 75 61 67 65 20 75 73 65 20 69 73 20 64 69 61 6c of 67 75 65 3a 20 45 76 65 72 79 20 6c 61 6e
67 75 61 67 65 20 75 73 65 72 2c 20 69 6e 63 6¢c 75 64 69 6e 67 20 79 6f 75 6e 67 20 63 68 69 6Cc 64 72 65
be 20 61 be 64 20 69 6Cc 6Cc 069 74 65 72 61 74 65 20 61 64 75 6c 74 73 2c 20 63 61 6e 20 68 6f o6c 64 20 ol
20 63 6f 6e 76 65 72 73 61 74 69 of 6be 2c 20 77 68 65 72 65 61 73 20 72 65 61 64 69 6e 67 2c 20 77 72 69
74 69 6e 67 2c 20 70 72 65 70 61 72 69 6e 67 20 73 70 65 65 63 68 65 73 20 61 6e 64 20 65 76 65 6e 20 6C
69 73 74 65 6e 69 6be 67 20 74 6f£ 20 73 70 65 65 63 68 65 73 20 61 72 65 20 66 61 72 20 66 72 6f 6d 20 75
be 69 76 65 72 73 61 6c 20 73 6b 69 6c 6c 73 2e

- And we don’t have any unknown wordtypes
(until the Unicode Consortium adds new emoji)

@F eV

1FAE9 1FAC6 1FADF ~ 1FADC 1FABE 1FA89 1FA8F




The most natural and basic form of language use is dialogue: Every
language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs R e¥&#3 od 2004

“A mechanistic psychology of dialogue”

 Strings are sequences of characters (bytes)!

tokenized = s.encode ()

54 68 65 20 od 6f 73 74 20 6e 61 74 75 72 61 6c 20 61 6e 64 20 62 61 73 69 63 20 66 6f 72 6d 20 6f 66 20
oc 61 6e 67 75 61 67 65 20 75 73 65 20 69 73 20 64 69 61 6c of 67 75 65 3a 20 45 76 65 72 79 20 6c 61 6e
67 75 61 67 65 20 75 73 65 72 2c 20 69 6e 63 6¢c 75 64 69 6e 67 20 79 6f 75 6e 67 20 63 68 69 6Cc 64 72 65
be 20 61 be 64 20 69 6Cc 6Cc 069 74 65 72 61 74 65 20 61 64 75 6c 74 73 2c 20 63 61 6e 20 68 6f o6c 64 20 ol
20 63 6f 6e 76 65 72 73 61 74 69 of 6be 2c 20 77 68 65 72 65 61 73 20 72 65 61 64 69 6e 67 2c 20 77 72 69
74 69 6e 67 2c 20 70 72 65 70 61 72 69 6e 67 20 73 70 65 65 63 68 65 73 20 61 6e 64 20 65 76 65 6e 20 6C
69 73 74 65 6e 69 6be 67 20 74 6f£ 20 73 70 65 65 63 68 65 73 20 61 72 65 20 66 61 72 20 66 72 6f 6d 20 75
be 69 76 65 72 73 61 6c 20 73 6b 69 6c 6c 73 2e

- But: individual characters are not meaningful

(., ,, ‘., ‘Every’, ... , ‘user’, ’'whereas’, ‘writing’, ‘young’]

VS.

7 ror .7 \ Wi\ \ Rl \ Yol N7 \ R A N~ 77 \Qr \Q 7
[ ° ’ ’ ’ L] ’ A ’ B ’ C ’ () () () ’ a ’ b ’ C ’ ° ° ° ’ 7 , 8 , 9 ]




Bytes as Wordtypes /1

The most natural and basic form of language use is dialogue: Every

language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs R e¥&#3 od 2004

“A mechanistic psychology of dialogue”

 Strings are sequences of characters (bytes)!

tokenized = s.encode ()

54 68 65 20 od 6f 73 74 20 6e 61 74 75 72 61 6c 20 61 6e 64 20 62 61 73 69 63 20 66 6f 72 6d 20 6f 66 20
oc 61 6e 67 75 61 67 65 20 75 73 65 20 69 73 20 64 69 61 6c of 67 75 65 3a 20 45 76 65 72 79 20 6c 61 6e
67 75 61 67 65 20 75 73 65 72 2c 20 69 6e 63 6¢c 75 64 69 6e 67 20 79 6f 75 6e 67 20 63 68 69 6Cc 64 72 65
be 20 61 be 64 20 69 6Cc 6Cc 069 74 65 72 61 74 65 20 61 64 75 6c 74 73 2c 20 63 61 6e 20 68 6f o6c 64 20 ol
20 63 6f 6e 76 65 72 73 61 74 69 of 6be 2c 20 77 68 65 72 65 61 73 20 72 65 61 64 69 6e 67 2c 20 77 72 69
74 69 6e 67 2c 20 70 72 65 70 61 72 69 6e 67 20 73 70 65 65 63 68 65 73 20 61 6e 64 20 65 76 65 6e 20 6C
69 73 74 65 6e 69 6be 67 20 74 6f£ 20 73 70 65 65 63 68 65 73 20 61 72 65 20 66 61 72 20 66 72 6f 6d 20 75
be 69 76 65 72 73 61 6c 20 73 6b 69 6c 6c 73 2e

* |t's now the ML model’s job to learn to compose words
from scratch



The most natural and basic form of language use is dialogue: Every
language user, including young children and illiterate adults, can hold a
conversation, whereas reading, writing, preparing speechgs R e¥&#3 od 2004

“A mechanistic psychology of dialogue”

 Strings are sequences of characters (bytes)!

tokenized = s.encode ()

54 68 65 20 od 6f 73 74 20 6e 61 74 75 72 61 6c 20 61 6e 64 20 62 61 73 69 63 20 66 6f 72 6d 20 6f 66 20
oc 61 6e 67 75 61 67 65 20 75 73 65 20 69 73 20 64 69 61 6c of 67 75 65 3a 20 45 76 65 72 79 20 6c 61 6e
67 75 61 67 65 20 75 73 65 72 2c 20 69 6e 63 6¢c 75 64 69 6e 67 20 79 6f 75 6e 67 20 63 68 69 6Cc 64 72 65
be 20 61 be 64 20 69 6Cc 6Cc 069 74 65 72 61 74 65 20 61 64 75 6c 74 73 2c 20 63 61 6e 20 68 6f o6c 64 20 ol
20 63 6f 6e 76 65 72 73 61 74 69 of 6be 2c 20 77 68 65 72 65 61 73 20 72 65 61 64 69 6e 67 2c 20 77 72 69
74 69 6e 67 2c 20 70 72 65 70 61 72 69 6e 67 20 73 70 65 65 63 68 65 73 20 61 6e 64 20 65 76 65 6e 20 6C
69 73 74 65 6e 69 6be 67 20 74 6f£ 20 73 70 65 65 63 68 65 73 20 61 72 65 20 66 61 72 20 66 72 6f 6d 20 75
be 69 76 65 72 73 61 6c 20 73 6b 69 6c 6c 73 2e

 But: input sequences are much longer

‘language’




A Compromise:
Subword Tokenization

Adverb

- Main principle: words are (often) composed of | / \
subparts (morphemes) % i
 Our vocabulary should have entries for N

Verb Affix

frequent words kept whole, because we have
a lot of data about those words

in  depend ent ly

Wikipedia (Annie Yang)

- But it should also have entries
for parts of less-frequent words, m .
so our ML models can learn
how to compose parts of words
into whole words (especially
unfamiliar words!)




Byte Pair Encoding

Modern standard for building a tokenizer

Inputs: collection of texts and target vocabulary size

Initial vocabulary is the set of all bytes (characters) across the
texts

Until the target vocabulary size is reached, repeat the
following:

 Tokenize all of the texts using the current vocabulary

* Find the most common bigram in the tokenized texts, then
add it to the vocabulary as a new wordtype



Byte Pair Encoding /]\

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)
vocabulary
u g 'p' n b s')

Example from HuggingFace



Byte Pair Encoding mm

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

vocabulary tokenized texts

(VhV, VuV, VgV, VpV, VnV, VbV, 'S')q ('h' 'ul VgV’ lO)’ (VpV VuV Vgl’ 5)’ (lpl lul lnl’ 12)’ (lbl lul lnl’ 4)’ (lhl lul lgl lSl’ 5)

bigrams + frequencies

lhl lul 15

Example from HuggingFace



Byte Pair Encoding mm

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)
vocabulary tokenized texts

(VhV, VuV, VgV, VpV, VnV, VbV, 'S')q (Vh' 'ul |g|’ lO)’ (VpV 'ul |g|’ 5)’ (lpl lul lnl’ 12)’ (lbl lul lnl’ 4)’ (lhl lul lgl lSl’ 5)

bigrams + frequencies

lhl |u| 15
'u' 'g' 20

Example from HuggingFace



Byte Pair Encoding

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

vocabulary tokenized texts

(VhV, VuV, VgV, VpV, VnV, VbV, 'S')q (Vh' VuV VgV’ lO)’ (lpl 'ul ’g” 5)’ (lpl 'ul lnl’ 12)’ (lbl lul lnl’ 4)’ (lhl lul lgl lSl’ 5)

bigrams + frequencies

lhl lul 15
'ul Vg-' 20
lpl lul 17

Example from HuggingFace



Byte Pair Encoding

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

vocabulary tokenized texts

(VhV, VuV, VgV, VpV, VnV, VbV, 'S')q (Vh' VuV VgV’ lO)’ (VpV VuV ’g” 5)’ (lpl 'ul 'n'l 12)’ (lbl lul lnl’ 4)’ (lhl lul lgl lSl’ 5)

bigrams + frequencies

'h' o'y 15
'yt g 20
'p' o'y 17
! U 16

Example from HuggingFace



Byte Pair Encoding

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

vocabulary tokenized texts

(VhV, VuV, VgV, VpV, VnV, VbV, 'S')q (Vh' VuV VgV’ lO)’ (VpV VuV ’g” 5)’ (lpl lul lnl’ 12)’ (lbl lul lnl’ 4)’ (lhl lul lgl lSl’ 5)

bigrams + frequencies

'‘mh' 'u! 15
ut g 20
'p'o'u! 17
'u' 'n! 16
'b' 'u’ 4

Example from HuggingFace



Byte Pair Encoding

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

vocabulary tokenized texts

(VhV, VuV, VgV, VpV, VnV, VbV, 'S')q (Vh' VuV VgV’ lO)’ (VpV VuV ’g” 5)’ (lpl lul lnl’ 12)’ (lbl lul lnl’ 4)’ (lhl lul lgl ‘S‘, 5)

bigrams + frequencies

'h' 'u' 15
'u' 'g' 20
'p' 'u' 17
"u' 'n' 16
'b' 'u' 4
'g' 's' 0

Example from HuggingFace



Byte Pair Encoding

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

vocabulary tokenized texts

(VhV, VuV, VgV, VpV, VnV, VbV, 'S')q (Vh' VuV VgV’ lO)’ (VpV Vul ’g” 5)’ (lpl lul lnl’ 12)’ (lbl lul lnl’ 4)’ (lhl lul lgl ‘S‘, 5)

bigrams + frequencies

lhl ' ' 15

most fraquent bigram;

add to vocabulary

QO -

'p' 'u' 17
'u' 'n' 16
'b' 'u' 4
'g' 's' 5

Example from HuggingFace



Byte Pair Encoding /]\

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

vocabulary tokenized texts

VhV, VuV, VgV, VpV, Vn ’ VbV, 'S')q (Vh' VuV VgV’ lo)’ (VpV Vu’ ’g” 5)’ (lpl lul lnl’ 12)’ (lbl lul lnl’ 4)’ (lhl lul lgl lSl’ 5)

Example from HuggingFace



Byte Pair Encoding /]\

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

vocabulary tokenized texts

VhV, VuV, VgV, VpV, Vn ’ VbV, 'S')q (Vh' VuV VgV’ lo)’ (VpV Vu’ ’g” 5)’ (lpl lul lnl’ 12)’ (lbl lul lnl’ 4)’ (lhl lul lgl lSl’ 5)

Example from HuggingFace



Byte Pair Encoding /]\

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

vocabulary tokenized texts
(VhV, VuV, VgV, VpV, VnV, VbV, Vsl)q (Vh' 'U.' |l V’ lO)’ (Vpl Vul lgl’ 5)’ (lpl lul lnl’ 12)’ (lbl lul lnl’ 4)’ (lhl lul lgl lSl’ 5)
(|h|, |u|, 'g'l 'p'l |n|, 'b', 'S', lugl) ﬁ (lhl lugl, 10), (lpl lugl, 5), (lpl lul lnl, 12), (lbl lul lnl, 4), (lhl lugl lSl’ 5)

(‘h‘l |u|, |g-|, 'p', 'n', 'b', 'S', 'ug—|, 'unl)ﬁ (lh' 'ug-', 10), (lpl lugl, 5), (lpl lunl’ 12)’ (lbl lunl’ 4)’ (lhl lugl lsl’ 5)

Example from HuggingFace



Byte Pair Encoding /]\

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

vocabulary tokenized texts
(!hV, VuV, VgV, VpV, VnV, VbV, Vsl)q (Vh' 'U.' |l V’ lO)’ (Vpl ’U.’ lgl’ 5)’ (lpl 'U.' lnl’ 12)’ (lbl lul lnl’ 4)’ (lhl lul lgl lSl’ 5)

(|h|, |u|, 'g'[ 'p'[ |n|, lbl, 'S', lugl) ﬁ (lhl lugl, 10), (lpl lugl, 5), (lpl lul lnl, 12), (lbl lul lnl, 4), (lhl lugl 'S', 5)

Example from HuggingFace



Vocabularies £

‘ gg?g_::l:g:tkins "* Rank User Counts
1 /u/davidiiiz3 163477
I've just found out that several of the anomalous GPT A/Smartstocks 113829
tokens ("TheNitromeFan", " SolidGoldMagikarp", " ] NP TP 103178
davidjl', " Smartstocks", " RandomRedditorWithNo", ) —
are handles of people who are (competitively? . Auhatigrametin -
collaboratively?) counting to infinity on a Reddit 5 lu/0lidGoldMagikarp 65753
forum. | kid you not. 6 /u/RandomRedditorWithNo 63434
6 reddit @ r/artbn_bots > @ r/artbnbots @ 7 ‘uitidende 59024
“I | 8 /u/Moorae 57785
r 17, G /U/Removedpixel 55080
o 10  /u/Adinida 48415
. 1 /u/rschaosid 47132




Vocabularies

Long-tail (“Zipfian”) distribution of wordtypes
(from Portal 2 dialogues)

Word Frequency Distribution - Linear Scale
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Vocabularies

Long-tail (“Zipfian”) distribution of wordtypes

(from Portal 2 dialogues)

Frequency (log scale)

103 1

102 -

107 4

100 4

Word Frequency Distribution - Log-Log Scale

100

10! 102 103
Word Rank (log scale)




Recap: Sequence-to-Sequence
with RNNs

Encode o _ Decode
(000000) Enc (,CI? ) J000000)
_> Problem 2

Fixed-size representation of entire
Input sequence.

hi

ROS— (oooooo)——»(oooooo)

| —— (G00000) 50S — (000000)——+(000000)— M)
like —— (©00000) Problem 1
Long-distance dependencies are harder to
represent than shorter ones.
pizza— (ooc>oc>o‘b——193;15&1;3));7 .
The federal government wants to do something about
T the high prices for gas, electricity, and fuel
EOS _’(OOOOOOHOOOOOO)E Die Bundesregierung will etwas gegen die hohen

Preise fir Gas, Strom und Treibstoff machen.

Problem 3
We have to encode the input  Jelele)
sequence token-by-token O(n)

pizza—>(oooooo)—§(oooooo)—> FEOS




Recap:

Problem 1: Long-Distance Dependencies

Encode

ho

0(000900) Enc (f ) !§000000) Decode

_ |hi = f(hi—1, Enc(Z), o(y;))
h Update new hidden state wrt encoded input, e.g:

BOS_’(OOOOOO)—>@ h;, = O'(Wh [hz 1; EHC( )] + We¢(y’t) - bl)

| ——— (000000

hi

v

0OS — (000000 ——{(000000 mi

like —— (000000

ho

mi —>(OOOOOO)—>(OOOOOO) pIaCe

lV/3 hy

v

pizza—> (000000

FEOS —>(oooooo)—>(oooooo);71

T hy

‘b——»&gggggg‘)) place—(oooooo)——»(oooooo

/)

la —»(oooooo)——»(oooood)—»p|zza

hs

(oooooo);l—
0

p|zza—>(oooooo)—>(oooooo)—> FOS




Recap:
Problem 2: Fixed-Size Sequence Embedding

Encode he

Z|

0
(000000)
Enc(x
" Zp
BOS—»(oooooo)——»(oooooo) p(]) c ANl E

1 e 4 hl » Generalization of pooling: assign
| ——(©o%000 ==r=d) a probability distribution over
input indices, and compute

like —»(oooooo"-—>£g>£>£$££)) 2 weighted sum over hidden

ﬂ h states

s
¢_>

pizza—> (coooo0 '__@93339‘))77
T What if this probability
EOS —(6550666)——*(000000); - distribution could change during

generation?

(oooooo);l—
0



RecapAtterM

Encode 7|
(oooooo)

Enc(x (4
o 9) E :p | g)h
ROS— (oooooo)-—»(oooooo)

: gegﬁyi p:IRd—%zﬁN1|'
| ——— (000000 2ooo¢c>oo ]—

- T b+ Compute a new distribution

hs v over input indices depending

like —»(oooooo‘p——@w 2

| h

' —» (000000 b——»&ggggggg) :
pizza— ¢ 77 Two questions:

|

EOS —>(oooooo)—>(oooooo);z—1 * Where does g come from?

on some other vector g

- How to implement p?

(oooooo);l—
0




Recap Attention

Encode

(oooooo)

%

ROS— (oooooo)——»(oooooo)

| —» (000000 ]

000000

like —— (©G00000)

hy

o
hs v
000000

pizza— (655000

il h

F-@&&&&J);;

|

EOS ——*(©00000)—*(000000);~

(oooooo);l—
0

go

)

Decode
Enc(7)

(000000) (O00000)

g1

1 BOS — (oooooo)———>(oooooo)

12

e




Recap: Attention (\

Encode

Decode
Enc (Ta gO)

(000000) (O00000)

(oooooo)

go

%

BROS— (oooooo)——»(oooooo) /
hy | h g1

| —» (000000 ]

000000 77 1 BOS —>(oooooo)———>(oooooo)
4

like —— (©00000

|

pizza— (655000

‘F—h@‘eﬁﬁb;; 2 g; = f(gi—1.BEnc(@, gi—1). o(y;))

ﬂ h text encoding also
"_’£‘€=9$=9=9=9J)77 depends on the
T previous state!

EOS ——*(©00000)—*(000000);~

Recall: |z
(oooooo);l— EHC 33 g Z (i ‘ g




Recap: Attention (/]\

Encode Decode
(oooooo)
P
BOS—>(oooooo)——>(oooooo) p( I | go)
h2 v hl 60%
| ———— (©00000) 000000 P
. ha J 9 [35%
like —— (oooooo‘p——@w
ﬂ h - Weighted sum: -
pizza_'(°°°°°°k_’5‘<5’9=9399)77 Enc(Z, go) ZP | go)h

|

EOS ——*(©00000)—*(000000);~

Recall: |z
(oooooo);l— EHC QZ g Z (i




Recap: Attention

Encode

| —»(oooooo))

|

like ——(000000 ))

I h

pizza —*(Q90000}

hi
%

3

p(I | go)

60%

35%

BOS — (oooooo)———»(ooovo

go

)

Decode
Enc (Ta gO)

(000000) (O00000)

g1

i

00 )— m|

mi is the 1st person,
objective case pronoun



Encode Decode
p(I | g1) o
Jo 1C (ZE‘ y g1 )
| 1 S (©00000) (000000)
——(000000
T ho n
like (999399)) 2 o0 BOS '-\'oooooo)——g{oooooo mi
pizza —>((()v0v0£v0vo‘))h 3 5o mi _’(OOOOOO)—gg(OOOOOO)q piace

piace is the 3rd person
singular declension of
piacere



Encode ]— Decode
P 1 g2) o Enc(z.go)
| —>(000000 )y 1 5 (©00000) (GO0000)

lI ili! 0 g1

like ——(000000 )) BROS — (oooooo)———»(oooooo)—» mi

| _hs3 [ _ 5 |

plzza (999999‘)) pA==(000000] »(©00000) pi ace

- g3 v
place —{cooooo)——»{000000)— la

Recall:

Enc(z, g) = zg:];



Recap: Attention (/)

Encode p( I ‘ 93) De_code
go EHC(ZIZ‘, 93)
|—>(oooooo)) 1 5 (©00000) (GO0000)

ﬂ hQ O g1

like —’(QQQQQQ)) ROS — (oooooo)———»(oooooo)-»

| h 90% . g

plzza (999399)) EAH —»(000000| >(Oooooo)—> |ace

. gs v
place —»{000000 )—>(000000)

g4
Ia —»(oooooo)——»(oooooo)—»p|zza

la

Recall:

Enc(z, g) = Zp



Recap: Attention /]\

- Update decoding hidden state based on an updated

version of the input sequence encoding

gi = f(gi—1,Enc(Z,g;—1), d(y:))

» The updated sequence is determined via a weighted sum

over input hidden states

|z

Enc(z, g) Zp g)h p:RY - ANui=

* Next time: how do we compute p(L]g)2



. dX|x
We encoded our input sequence into hidden states:hl, Cee h|5| —helR ]




Recap: Attention

We encoded our input sequence into hidden states:hl, Cee h|§| =

Now we want to predict the next word¥y/;+1



Recap: Attention

We encoded our input sequence into hidden states:hl, Cee h|§| =

Now we want to predict the next word¥y/;+1

We have access to the previous decoder hidden stated



Recap: Attention

We encoded our input sequence into hidden states:hl, Cee h|f| — h &€ Rdx |z |

Now we want to predict the next word¥y/;+1
We have access to the previous decoder hidden stated

First, compute attention scores for each input hidden state using similarity between
xf 9 y

query (g;) and keys (h)'si — a(gi, h) c R



Recap: Attention

We encoded our input sequence into hidden states:hq, . . . , h|§| = h € Rdx &
Now we want to predict the next word¥y/;+1
We have access to the previous decoder hidden stated

First, compute attention scores for each input hidden state using similarity between
xf 9 y

query (g;) and keys (h)'si — a(gi, h) c R

Then, take softmax of attention scores to get a distribution over keys:
o; = softmax(s;) € ANuI=



Recap: Attention

We encoded our input sequence into hidden states:hq, . . . , h|§| = h € Rdx &
Now we want to predict the next word¥y/;+1
We have access to the previous decoder hidden stated

First, compute attention scores for each input hi(?gfn state using similarity between
query (g;) and keys (h)'si — a(gi, h) c R'™

Then, take softmax of attention scores to get a distribution over keys:

o; = softmax(s;) € ANuI=

Finally, <:|9|’|r1pute a weighted sum of values (h) using this distribution
xXr

C;, = Z&i’jhj - Rd
7=1



Recap: Attention

We encoded our input sequence into hidden states:hq, . . . , h|§| = h € Rdx &
Now we want to predict the next word¥y/;+1
We have access to the previous decoder hidden stated

First, compute attention scores for each input hi(?gfn state using similarity between
xr

query (g;) and keys (h)'si — a(gi, h) c R
Then, take softmax of attention scores to get a distribution over keys:
o; = softmax(s;) € ANuI=

Finally, c|clr|npute a weighted sum of values (h) using this distribution
xXr

C;, = Z&i’jhj - Rd
7=1

Use the weighted sum to predict the next word:

p(Yit1 | T, 91, ..., y;) = softmax(f(ci, g:))



Recap: Attention

We encoded our input sequence into hidden states:hq, . . . , h|§| = h € Rdx &
Now we want to predict the next word¥y/;+1
We have access to the previous decoder hidden stated

First, compute attention scores for each input hi(?gfn state using similarity between
xr

query (g;) and keys (h)'si — a(gi, h) c R
Then, take softmax of attention scores to get a distribution over keys:
o; = softmax(s;) € ANuI=

Finally, c|clr|npute a weighted sum of values (h) using this distribution
xXr

C;, = Z&i’jhj - Rd
=1

Use the weighted sum to predict the next word:

p(Yit1 | T, y1,. .., y;) = softmax(f(c;, g:))
Use the weighted sum to update the decoder hidden state: g, = g(gi—la Ci—1, yz)



Recap: Self-Attention /]\

» For each token generated at index /i, we have:
. Akey:k; = Ko(x;) €e R K ¢ RI*d
. Avalue:v; = Vo(z;) €R?T Ve R

- When trying to generate our next tok(%lgdat index J, we need
a query:q; = Qo(z;) e R* Q €R

T
« Scores over keysSji = jki s — eXp(Sji)

K —
* Attention distribution over keys: ; i’ =1 exp(s;ir )

+ Weighted sum of values: €; = Z Q5 V;
i=1

Tjv1 ~ p(Xj1 | @1,. .., x;5) = softmax(f(c;, ¢(x;))



Self-Attention in Encoders

Encode
o(xi) k q
BOS—(000000) (000000) (000000)
| —— (000000) (000000) (000000)
like —— (©000000) (©00000) (000000)
pizza—>(oooooo) (©00000) (©00000)

FOS ——(000000) (000000) (000000)




Self-Attention in Encoders /\\

Encode
BOS—>(000000) (000000}—0. 000000
| —— (0o0o000) (000000 0 (000000)
like —— (000000) (000000 ° (000000)
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Self-Attention in Encoders /\\

Encode
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Self-Attention in Encoders /‘\

Encode
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Self-Attention in Encoders /‘\

Encode
o) k q \Y% C

BOS— (000000) (000000) (0600000) (000000) (000000) S — qu & R|x| x|

o = softmaxgim—1(S)
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dX |z
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We can get context-sensitive representations of
each input token in parallel!



Building a Transformer Block
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- A transformer block takes A § § § § W
as iInput a sequencedof INERES 9
input vectors h € R%*" \
4 R
» |t generates a sequence of
/ dXn
OUtpUt vectors h & R Transformer
Block
Attention is all you need

~

A Vaswani, N Shazeer, N Parmar... - Advances in neural ..., 2017

... to attend to all positions in the decoder up to and including that /
... We implement this inside-ef.scaled dot-product attention by ma

Related articles  All 70 ver:

000000
(000000)
(000000)—

\ 000000 \_

S



Building a Transformer Block /‘\

» Atransformer block takes A é n
as input a sequence of 9
input vectors h € R4X™ \
~ )
» |t generates a sequence of
Block
» For now, let’s focus on how
it computes the output _ y
vector corresponding to the /1
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Self-Attention

1. Compute attention over -

N
input vectors
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Self-Attention

1. Compute attention over - ~
input vectors

k = Kh ¢ R%xn

d
g = Qh; € R .
T ()
S; = — c R"

\/ dl{j ) O ) )

Ol |O (@) (@)

Ol |O O O
Ol |O (@) (@) k

Ol |O O O

Ol \O (@) (@)

\& > 9,

. . . ,_\/,_\/ 1 \(“
Scaling by vector dimension oV (9] (8 0
ensures the values don’t become ( < § § § § h
way too large. O © 1© O,

y 9 29 =
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Self-Attention

1. Compute attention over -

~
input vectors
k = Kh € R%&Xx"
¢ = Qh; € R™
q; k 0 ©
S; = — c R"
Vi
a; = softmax (s;) € ANLm
N y
Vol & \e
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1.

Self-Attention

Compute attention over - ~
input vectors
k = Kh € R4%X"
g = Qh; € R%
a7k ©e° - O
S; = C c R"
v 9RE B
o;; = softmax (s;) € AlNtn 3l 8] I8 :
v =Vh e R**" gev g
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1.

Self-Attention

Compute attention over = ~
iInput vectors § c
k = Kh € R%*>" I
gi = Qh; € R%
T o
q; k
S; = — c R"
Vi 28R B
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Self-Attention

1. Compute attention over
input vectors

k = Kh ¢ R%xn

a; = softmax (s;) € ANLn

v =Vh e R%*"
n

C;, — E ;U7
/=1

c; = SelfAttention(h);
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Multi-Head Attention /]

Multi-Head Attention

1. Compute attention over OseltAstention, = 155, @, Vj}
input vectors

() — K;h € RdkXn A1) ch)
¢ = Q;h; € R 0 |8
(;)Tk(]) © 18 S
Vdj _BRXN
= softmax g ) €A Self Attention | |—
(” = Vih € R%" i
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Multi-Head Attention /]

Multi-Head Attention

1. Compute attention over
input vectors

cz(-j ) = SelfAttention;(h); dn
v, i —
C; = [Ci ;...;(% } «§oooooﬂbooooo) ‘e (oooooéb
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Multi-Head Attention /]

Multi-Head Attention

1. Compute attention over (OOOOOOJiLz'
input vectors

7)) = SelfAttention; (h); i
C; = |:C(.1)' . C(Hq

iLi — WOCZ-
(Self Attention /
H
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Multl-Head Attention

Multi-Head Attention

1. Compute attention over
Input vectors HMultiHeadAttentionH

' _ O . YV \H
ng) = SelfAttentionj(h)i — {W } U {KJ7 va Vy}jzl
C; = {c(-u e c(-H)}

(

A

hi — WOCi
Multi-Head
hi\/IHA — MUltlHeadAttentlonH(h)z [Attention]

(000000) hi\/IHA

Multi-headed attention allows us BVE ’8[ \’g”
to look at multiple places in the d < 3l 8| [8| - 8| h
input sequence at once. o © © >
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Layer Normalization

Residual connection allows for

smoother gradients.
1. Compute attention over Layer normalization cuts down

input vectors on uninformative variation in
actlvatlons speeding up training.
h,lb-\dHA MultiHead Attention® (h); G55550) j,AddNorm;
I 1
2. Add and norm (LayerNorm)
hf‘ddNorml — LayerNorm(h; + hMH4) @50c5e) A MHA
LayerNorm : R — R? @/Iulti-Heacﬂ
LayerNorm(x) = L(x — u(x)) Attention

o(x
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Feedforward Network ¢/

1. Compute attention over
input vectors

AMHA — MultiHead Attention™ (h); 655555 J, FFN
2. Add and norm ( FFN )
AddNorm |
PN = LayerNorm(h; + ") (LayerNorm)

3. Feedforward layer
pEEN — ReLU (AN 4 b )Wy + b

Multi-Head
\Attention

) '6[ 8
O/ O \O
Here is a nonlinearity that makes d < S 3 ... 8| h
learning easier! ® 2 2
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More Layer Normalization /]\

1. Compute attention over

input vectors pAddNorm;
7 (000000)
h,li\/IHA — MultlﬂeadAttentlonH(h)z fLayerNormj
2. Add and norm i |:|l-|\| )
3. Feedforward layer @Iulti-Heaﬂ
m Attention
AN = ReLU (RN Wy +0)Wa +0, - \ e
4. Another add and norm a8t |8 \g
h?ddNormg _ LayerNorm(hfL-A‘ddNorml 4 hf‘FN) g\g /Q,




One Transformer Block (/}

1. Compute attention over

input vectors h'
1 (0O00000)

hi\/IHA — MUltIHeadAttenthnH(h)z r fLayerNormj\ E_JI
2. Add and norm i FEN D
AddNorm A > ' g S
h; 7 = LayerNorm(h; + h}&w . ) LayerNorm) CBD
3. Feedforward layer @Iulti-Heaﬂ @
- Attention 9
hYEN = ReLU () N Wy + b)) Wa + b (NS~ R

4. Another add and norm §/§ § \§

h = Layeerolrm(hf‘ddl\h)rm1 + hf FN) %8 /8’
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One Transformer Block (/}

hMHA — MultiHead Attention™ (h)

hAddNorm — T averNorm(h + hMHA) § § § § W
O O O O
h;"™™ = ReLU(h* ™™ Wy + b1 )W + by A\ § v
h/ _ LayerNorm(hAddNorm 4 hFFN) c fLayerNormj\ a‘_)l
I
i FFN ) | 2.
' S
h' = TransformerBlock(h) LayerlNorm) K
Multi-Head) | o
HTranSformerBlock kA’[’[en’[ion g
— QMultiHeadAttentionH U {le W27 b17 bQ} % o//o! A ﬁj ~
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Multi-Layer Transformer /]\

h' = TransformerBlock(h)
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Multi-Layer Transformer /]\

h(+tl) — TransformerBlockl+1(h(l))
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Transformer Encoder (/)

h(+tl) — TransformerBlockl+1(h(l))

B (0 (0 )
3| (8] |8 3
N _ Transformer 8 8 8 8 h
h —  Encoder (gb(xl)? R ¢($n)) fr)szr’z Sr’;f fr’;
ransformer
h™ € R [ Block )
' N Transformer
Input: @(x;) = ¢(x) + ¢(¢) )
word + position embeddings __Block
T=(z1,...,Tp) Transformer)
}BIock\
Q) Bl/[0 )
ol 19V |O o,
d <8 ol 18] ... 18] &(x;)
3 (3] (8 3
—
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Transformer Encoder /\\

h? = Trgnsformer (1), ., (@)
Trﬁrﬁi{;o&"ér;er : V—I- N Rdxfn

The transformer encoder maps from
a seguence of tokens to a set of
vectors, each corresponding to a

token in the input sequence

ARIAEE
O|lO0]]10 O
O|l10]|O O enc
ollo|lo]..lol h
3)18)l8) |8

This is exactly what we got from an TTT T

RNN encoder and used for ( Transformer )x N

conditional generation in a decoder! —Block
RREES
olfoll9]. .o n
olglle| - [s[1 (i)}
Q9 ©




Building a Transformer Block

S

o) (0] (O o)
- A transformer block takes A § § § § W
as iInput a sequencedof INERES 9
input vectors h € R%*" \
4 R
» |t generates a sequence of
/ dXn
OUtpUt vectors h & R Transformer
Block
Attention is all you need

~

A Vaswani, N Shazeer, N Parmar... - Advances in neural ..., 2017

... to attend to all positions in the decoder up to and including that /
... We implement this inside-ef.scaled dot-product attention by ma
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Decoder Block

We’re at generation step j, and have our
previous decoder steps availableh g, d <
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Decoder Block /]

hMPAL — MultiHead Attention™ (hgec) 4 A
=
Q
-
24
o
3
®
uy,
o)
Multi-Head| |&
Attention
| | \____ 77 ~____/
First, we do self-attention over the tokens 3RV 8 \,§
we’ve already generated d <§ 3 18] --- [8[hdec
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Decoder Block

hMHAT — MultiHead Attention™ (hgec)
hAddNorm1 _ LayerNorm(hdeC + hMHA1>

Layer norm on the output of the self-
attention

D
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Decoder Block

hMHAL — MultiHead Attention® (hgec)

hAddNorm1 _ LayerNorm(hdeC + hMHA1>

hMHA2 — MultiHead Attention™ ([h

Then we attend to the
encoder hidden states using
the output of the previous
layer normalization
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Decoder Block

hMHAT — MultiHead Attention™ (hgec)
hAddNorm1 _ LayerNorm(hdeC + hMHAl)

hMHA2 — MultiHead Attention™ ([hepe; h99]

hAddNormz — T averNorm(

hAddNorm1 4 hMHA;J

Yet another layer norm
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Decoder Block

hMHAL — NMultiHead Attention (hgec) 2 )
hAddNorml _ LayerNorm(hdeC + hMHA1> ( == )
hMHA2 — MultiHead Attention™ ([hene; h* YO IyerNorm
- —
hAddNormz — 7 o verNorm (bt ddNorm: | pMHAS |V|U|ti'|‘|eaﬂ 3
| Attention @,
h"™"™™ = ReLU (WA 2W/) 4 b )Wy + ~ S
LayerNorm CSD
@Iulti-Heaﬂ o
Attention O
7= %
Feedforward network S S § /§ § \fg
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Decoder Block

0] (0] (O] o)

Ol |0O] |O @)

e )

(@) N\ O O cC
h™MHA1T — MultiHead Attention™ (hgec ) 4 8&% ﬁé\rNg r mwo
hAddNorml _ LayerNorm(hdeC + hMHA1> ; FII:N <

hMHA2 — MultiHead Attention™ ([hene; h* YO yerNorm

Multi-Head
| Attention

hAddNormz — T averNorm(

h*'N = ReLU(hAddNorm2 137 1 YW, +

hAddNorm1 4 hMHA;J

300|g Jawlojsuel |

- |
h/,.. = LayerNorm(h*ddNormz 4 [ FFD LayerNorm
dec T Y - .
Multl-Heaﬂ
One last layer norm to get C @;tt/entlo\n y
our final output vectors for - S 9 8/ \’é”
each token generated so far! § -§h d (Bl el ... Bl
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Multi-Layer Decoder (/\

KU — DecoderBlock; 1 (hepe, h(lH))

dec dec
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Transformer Decoder /]\

KU — DecoderBlock; 1 (hepe, h(lH))

dec dec

N ransformer
hdec — T%eigodere (henC7 ¢(y1)7 U ¢(yj))

Transformer . PAXn J dXj
Decoder - R X V — R

The transformer decoder maps 9)(Q)(Q) (O
. . O|lO0]]10 o N
from a set of input encodings 2181181 .. 18| h
ollollo] " [o] T dec
and a sequence of tokens Qe ©
generated so far to a set of Transformer
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i . & [ T |
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Decoding /]\

- Let’s say we want to predict the word at index j + 1

« All we need to do is transform this into a distribution over the
vocabulary

PYip1 | T1yee s Tny Y1y oo, YY) = SoftmaX(Wh;\])

V|xd N
W e RV h
O
S
- Then we can sample, compute loss, etc. §
\I./
Transformer
X N
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Encoder-Decoder

;8? Linear
*Jmmnd transformation
~ // é\ ra+ softmax
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Training

» Given some paired data (E, @):

h — Transformer (f) < We can CompUte these
enc Encoder in parallel on the GPU
, _ T f .
p(yz—l—l) — rfa)gioojgl}er(henC7 Y1, - 7yz)

Probability of a token should only depend on the ones that come
before it! But we still want to take advantage of parallelism...



Training

Given some paired data (f, @):

h — Transformer (f) < We can CompUte these
enc Encoder in parallel on the GPU
, _ T f .
p(yz—l—l) — %gioojé?er(henca Y1, - 7yz)

Probability of a token should only depend on the ones that come
before it! But we still want to take advantage of parallelism...

Masking:

-  When doing the forward pass on the decoder, self-attention can
be parallelized

-  But we don’t want the model to learn to rely on “future” words in
the sequence!

- Solution: during training, set S = —oolf i (query index) < j
(key/value index) /



Unconditional
Sequence Generation

- Recall the autoregressive approximation of sequence

probability:

z|

p(T) = Hp(:l:i | Z1, ..., L)

« (Can we do this with a transformer model?



Unconditional
Sequence Generation

- Recall the autoregressive approximation of sequence

probability:

z|

p(T) = Hp(:l:i | Z1, ..., L)

« (Can we do this with a transformer model?

- Yes! We just don’t have an encoder (i.e., decoder-only

LLM).

» We still have to be careful about masking while training.



Decoder-OnIy Transformer
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Sequence Encoding

What if we just want some representation of a sentence,
and we don’t really care about being able to generate
sentences? Enc(T)

We get this with the transformer encoder:

_ Transformer(+
henc — Encoder (.I‘)

But how might we train it?



Masked Language Modeling /‘\

Masked language modeling:

- The probability of a sequence is a product of local token
probabilities

- The probability of a token depends on the ones that came before
and after it

mn
p(T) = Hp(azz | X1, L1, Tja1 - Ty
i=1

The name anteater refers to the species'-, which consists mainly of ants and termites.




Masked Language Modeling /‘\

(4’
p(T) = | | plx; | T1,..., i1, Ti101...Tp)
1=1
- From our transformer encoder, we get
hi — Transformer(f)i c Rd

Encoder

- We could just transform this to the vocabulary space, and
compute the loss from there:

p(X;) = softmax(W h;)

» Do you anticipate any problems?



Masked Language Modeling /‘\

T
p(T) = | |p(xz X1y Ti 1y Lia1 .. Ty
1—=1
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The name anteater refers to the species' diet, which consists mainly of ants and termites.




Masked Language Modeling /‘\

1
p(T) = | | plx; | 21, , i1, Tjt1 ... Tp)
1=1
_ If we can attend to our input
s . token too, we won’t learn
< diet anything!
C Transformgr Encoder )
AN S ~ N M A ' o ~ Lo A A A A
o| [o o) o| [o] [o o) d o) o) ol (o] (o] [o o)
ol |[o O ol |9] [o O G O O ol |9 |9] |O O
ol |[o 0 ol |9] [o 0 d O O ol |9 |9] |O O
ol |[o O ol |9] [o O d O O ol |9 |9] |O O
ol |[o 0 ol |9] [o 0 O O O ol |9 |9] |O O
O O & O Y © © © © O OO O ©

The name anteater refers to the species' diet, which consists mainly of ants and termites.




Masked Language Modeling

n

p(T) = Hp(xz | T, L1, Tjg1 - Ty
i=1

— diet
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The name anteater refers to the species'. hich consists mainly of ants and termites.

Instead: randomly sample some tokens to replace with a MASK placeholder
token in the input, then train the model to predict those words



Masked Language Modeling

(4’
p(T) = | | p(zi | 1, .., Ti1,Tiy1 ... Tp)
1=1 Bert: Pre-training of deep bidirectional transfor
understanding
J Devlin, MW Chang, K Lee... - ... : human language ..., 2019 - ¢
... deep bidirectionality of BERT by evaluating two pretraining ol
same pretraining ... 7’ BA iirectional model which is trai
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The name anteater refers to the species'. hich consists mainly of ants and termites.

Instead: randomly sample some tokens to replace with a MASK placeholder
token in the input, then train the model to predict those words



