
CS 371N Lecture 9

Language Modeling
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Today
- Language Modeling
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- Neural Lms
- RNN Us (brief ! )
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- fill -in- the - blank ( doze )
- Maintain uncertainty over

upcoming words
- Grammatical error correction :
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Suppose we have a long book
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¥
I saw the dog=
a- 5

run swim

walk - -

food
n=2_
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hates

My dogfish cats

n¥¥Mparameterization_
Explicitly store probs for words

based on counts in the data

¥IH distribution



vocab
a2-

gram cat
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one row per
word
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These probs are sparse
actual size cc / v13

n - 7 is doable

parametevestim.fi#Count-normalize over a big corpus

the at coun¥¥
the cat pleat / the)=Zythe dog Pfdogl the )='q
The snake

snake tu
Maximum - Likelihood Estimation

These probs maximize LL of
this data



"

I'd hate to go to

smoothing Maui
"

suppose we
have n=5

P (Maui I hate to go to) ¢0
!

=au¥¥÷:::
Solutions
- Give every

5-gram count 19
""
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hate to go
to
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seen 5 times

+ IVI
"

fake
" counts

- Getting rid of sparsity



Smoothing a ltgram modelnormalized
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keyidees
We can learn from a lot of data

we can model a distribution

over next words given (
unlimited )

context

NeoralbmgvageM.de/ing-uP(wilw
,

-
- Wi - 1) → model w/a

- neural net

Two choices : ① Make the n-gram
approximation ; ②don't

Predict Wi based on W
,

.
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w
"sentence
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% Advantages :

① fewer params ( n=2 )

② Look at all the context

Disadvantages

① No notion of order

FF% ① keeps order (over a shorter
context )↳ negation !

Parameters : it's inefficient
to

completely model order

2 4

LEG
the movie I saw was



IF
I saw the movie which was

FFNN distinguishes these

solutions
① RNNS (recurrent neural nets) :

process sequences
"

uniformly
"

② Transformers : DAN + ordering
approach

RNN : maintains a

" hidden state "

I after processing in words

In = NN ( w , ,
- -

;
win /



Pfwniilw ,
.

- un / = softmaxluhnl

U : IV / xD

Key RNN idea : matrix

In
, ,
= NN (Tn

,
Wau )

easy toupdate


