
CS 378 Lecture 15 :

Language Modeling, RNNS

today
- Language modeling
- N -gram Lns
- Neural Lms
- (start ) RNNS

Announcements
-
- midterm
- A4tA5
- FP custom proposals
where we are
-

first half of the course : analysis
of text



'

i.ftp.itasttnctuea analysis qE%%
Next -3 weeks :

Task:text generation & pgsdiguomoearizotim
input : text machine translation

output : text

Language modeling : Ianto complete
"

g
next word prediction

Technique : recurrent neural networks

( RNNs)
(and Transformers )



final n3 weeks : ]BfaI,farmersQuestion answering
End of the course : miscellaneous

applications * topics

QA : question ( text )
\ freeform generation

•
Langoagetlodeling
Imagine we want a distribution over

grammatical seats . in a language
P ( J)

pcfGs give us this



the cat ran

WhI theme cat
rant'pIoY

Grammatical error correction :

I give you a sent it

has a grammatical error
Then : PCI ) is low

Correct the error by finding
T ' close to it with

Phi ' ) > > PCT)
Another application : machine translation

Translate it , in lang I ⇒ Iz in

long 2 . Maybe we want to
make it , more natural

Finn Tt at . P( Fi ) s Pluta )



N-gramlaugcage.me#PE/=Plwi)P(walwi)PLwzlw
,
wa)

-

-
- pfwn I wi , - , un - i )

True by chain rule of prob .

N -gram model : only look at the

past n - l words

Phil =P (w, ) Plwzlw ,
) .

-
.

P( Wil Wi - nee , - - '

s Wi - i )
Z -gram model : T= the cat ran

ECT ) = Pl the Ics > ) Pccatltue)
-

Stoffer . P ( ran 1 cat)
- p( STOP Iran)

3- gram
: P(the Ics> LS >)
- P (cat les > the )
P ( rant the cat ) p( stop 1 .

- . )



Parameters : transitions in HUM
Big lookp table

↳Tv ,;Him
3-5-④

pain.- init

Get these parans : Count t normalize

5- gram
: pfrlauil hate to go to ) -

- o

Nobody has said this before
,
but

it's still reasonable !



Smoothing

very important in n -gram Lhs

PCW ; l wi - u ,Wi - z iwi -2 , Wi - l )

⇒ X
,
Twi l wi -ay , Wi -g , Wi -→Wi - t

raw
+ Xzp ( wit wi -3

,
Wi - z

,
Wi - i)

prau 4-gmt
1- Xs ( wit wi -z wi - e )
+ XyP%lwi l wi - i )
+ Xs P(wi )

↳ so ! P ( Maui )
X , - Ox XL . Ot X, - 10

-"

t Xz - 10
-Ze

. . .

⇒ reasonable prob .

Set X carefully so this is a valid

prob . dist .



Neurallauguageme.de#
Use a neural net to model

Plwilw , ,
.

. .

, wit )
-
whole context

,
not just n - l

words

Farve : simplify , consider
Plwilwi - t ) Skip-gram :

q g
vectors Pccontext (word)

One ideas. take context
- NNE Plwilw. . .)
-
OO o ) embed

with

✓ i wz .
- wi - I pre

-trained

Skip
- gram
vectors



P ( wit w, ,
.
. . , wi . , ) dist over

I ✓ I words
Kd-dim

T = neural net ( we , . .
.

,
wi - i)

f) ( wit we , -
- , wi - i ) = softmax (WI)

W : paran
matrix Ivlxd

Ways to do this

F-⑦-Oi
DAN :-
T O O D ① no

✓ i wz -
- wi , ordering

FFNN : n - l words 5-gramI

① doesn't
Ill scale to

Wi -uwi -s wi-2Win large
"

n



RNI encodes a sequence of arbitrary

length into a single vector

I
,
hi T, hi -

go.D.tn
- o o o

w' wz w
, we RNN output :↳om in Ii , Ii ate!
RNN cell 101 -dim

d- din
pti

all vectors

""

Elman network Ii = tanh (WI itvhi -i )

yi -- tanh ( UI ; )



Training RNNs
-

AVETT8-8-8-850-f) Phil wat
w , wz Vs Wy

This is a differentiable computation !
- -

Some layers share parang


