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Modeling Language

Modeling the expectations we have over utterances we encounter

e How can we find structure in continuous signals like speech?
e What words are more frequent vs. rare?

e What combinations of words are more likely vs. unlikely?

e What sequences of utterances are plausible vs. implausible?

e How likely is it for certain words (or combinations of words) to
appear alongside different contexts vs. others?



Modeling Sequences

e For now: let's assume utterances are sequences of tokens
from our vocabulary

e Our vocabulary has a fixed size and consists of discrete
wordtypes (we'll get to modeling continuous language
signals, like speech, in a few weeks!)

e A sequence i1s denoted as:

= {(x1,...,%n) x €)Y x,=E0DS

e We can also consider writing out all possible sequences
given our vocabulary (though this set is infinitely large): V™



Modeling Sequences

e A sequence model imposes a probability distribution over YT

p(X) e AV T V" p(T)
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e A sequence model imposes a probability distribution over YT
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e A sequence model imposes a probability distribution over YT
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e Why is this useful?
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e A sequence model imposes a probability distribution over YT
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Example: Count-Based
Language Model

Documents + frequencies:

V — {07 g? h? n? p? S? u}

(*hug', 10), ('pug’', 5),

D = ('pun', 12), ('bun', 4)
(‘hugs', 5)
.,bug, bun, ..., sssssss,...}

YVt ={b,g,h,...,bb,bg,..
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Example: Count-Based
Language Model

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

V — {07 g? h? n? p? S? u}

V—I_ — {'3’g7h7“,’bb7bg7,,,’bug7bun,...,SSSSSSS,---}

e Learning problem: we want a to estimat
the probability distribution p(X) € AY
that generated our observationsD

e One simple option: just count based on
document occurrence

@
D

p(T)

§

Zi? p@)z(??
hug 10/36 = 0.28
pug 5/36 = 0.14
pun 12/36 = 0.33
bun 4/36 = 0.11
hugs 5/36 = 0.14
TcVt\D 0/36 = 0.00
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e Let’s sample fromp(X)!
0.98 — hugs
0.84 — bun
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Example: Count-Based
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Documents + frequencies: ('hug',

D:('pun'/ 12)/
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V—I_ — {'3’g7h7“,’bb7bg7,,,’bug7bun,...,SSSSSSS,---}

e Let’s sample fromp(X)!
0.98 — hugs
0.84 — bun
0.55 = pun

=)
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Example: Count-Based

Language Model

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

V — {07 g? h? n? p? S? u}

V—I_ — {'3’g7h7“,’bb7bg7,,,’bug7bun,...,SSSSSSS,---}

e Let’s sample fromp(X)!
0.98 — hugs
0.84 — bun
0.55 — pun

e This directly generates our observation
data! But nobody ever does this

e Why not?

Zi? p@)z(??
hug 10/36 = 0.28
pug 5/36 = 0.14
pun 12/36 = 0.33
bun 4/36 = 0.11
hugs 5/36 = 0.14
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Language Modeling 1s Hard

p(X) e AV T V" p(T)

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

e One intuition: sentences have internal consistencies!

~ . Ac? . 3rd person
vocé fala inglés: | accusative  gingular
do you speak English? case of oresent,
3rd person dog masculine
singular
oresent DELINY §)§&?\'D ASLEVLrS
indicative atanu kukkanu cistadu

he the dog sees



One Approximation

Autoregressive language modeling:

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

e 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:

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

e 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.

This approximation will come up later in the class! For
now, we'll focus on autoregressive language modeling.

(There are other approximations too!)



Sampling from an
Autoregressive Language Model /‘\
mn
p@) = [ p(zi |21, zim1)  Golomasiton
1=1

::]Kﬁh)ﬁ(l& ‘$1)..,p($n |$1,---ﬂxn—l)

Let's sample a sequence from this approximation:

X1)
o Sample the first word 1 ~ p(X1) € AY p< 1
L | p(x)
the 0.04
in 0.02
and 0.02
Yy every 0.02
T — <the




Sampling from an

Autoregressive Language Model /‘\

p(@) = || plxi|21,... 2i1)
1=1

=p(x1)p(xe | 21)...p(Tn | T1,.. ., Tp_1)
Let’'s sample a sequence from this approximation:
p(XQ | I1 = the)

e Sample the first word z1 ~ p(X7) € AY
e Sample the second word 2 ~ p(Xs | 1) € AV L pO(CIZ‘)
0
0
0

-ir .03
.02
.02
.02

Same

impact

line

T = <the, same




Sampling from an
Autoregressive Language Model /‘\
p(@) = || plxi|21,... 2i1)
1=1

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

Let's sample a sequence from this approximation:

e Sample the first word 1 ~ p(X;) € AV p(X3 | (the, same))

e Sample the second word :/al;: p(ag)S

.04
.04
.04

e Sample the third word way

thing

OOl O] O O

time

T = < the, same, thing




Sampling from an
Autoregressive Language Model /‘\
p(@) = || plxi|21,... 2i1)
1=1

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

Let's sample a sequence from this approximation:

o Sample the first word x1 ~ p(X1) € AVP(Xi | (21, .., %i1))

e Sample the second word :,E p(xl)l

.08
.07
.06

e Sample the third word e

e Keep sampling until we hit EOS that

OOl O] O O

T — < the, same, thing, that




Sampling from an
Autoregressive Language Model /‘\
p(@) = || plxi|21,... 2i1)
1=1

=p(x1)p(xe | 21)...p(Tn | T1,.. ., Tp_1)
Let’'s sample a sequence from this approximation:

o Sample the first word x1 ~ p(X1) € AVP(Xi | (21,...,%1))

e Sample the second word e/I; p(a?)
happened .

e Sample the third word

e Keep sampling until we hit EOS makes

0
happens 0.08

0

0

the

T = < the, same, thing, that, the
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Autoregressive Language Model /‘\
p(@) = || plxi|21,... 2i1)
1=1

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

Let's sample a sequence from this approximation:

o Sample the first word 1 ~ p(X1) € AVP(Xi [ (21, @i1))

e Sample the second word ‘//I; po(xo)3

e Sample the third word i 0 05

e Keep sampling until we hit EOS person 0.02
— . line 0.02
€T — < the, same, thing, that, the, -y




Sampling from an
Autoregressive Language Model /‘\
p(@) = || plxi|21,... 2i1)
1=1

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

Let's sample a sequence from this approximation:

e Sample the first word 1 ~ p(X7) € AVDP(Xi | (21, 2i-1))
e Sample the second word ‘/B p(a?)
. are 0.12
e Sample the third word ere 5 0%
e Keep sampling until we hit EOS have 0.04
— . had 0.02
€T = < 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

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

Let's sample a sequence from this approximation:

e Samp
e Samp
e Samp

e 1
e 1

e 1

ne first word x1 ~ p(X7) € AVP(Xz’ | {21, ..

ne second word

ne third word

e Keep sampling until we hit EOS

T =

< the, same, thing, that, the, -y, had, EOS

the same thing that they had

D

°7xn—1)
' 7$i—1>)

L p)
done 0.08
said 0.04
EOS 0.04

\ to 0.02

/




Autoregressive
Language Models /‘\
p(@) = || plxi|21,... 2i1)
1=1

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

probability that probability that

the first word is x1the second word
IS I2, given that <3317 ‘e 7xn—1>
the first word is x1

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



