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N-Gram Approximation ]\
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N\ Autoregressive
p(T) = Hp(a:*z | T1,. i) approximation
1—=1
||
N N-gram
™~ Hp(a:z | Tiony1,- 5 Tio1) approximation
1=1
||
~ Hp(gj"’ | Tiepat, ... 0 0) Neural n-grams



p(mz ‘ Li—mnd1y---9Lq; 6’)
— exp(s(@i|Ti—n+1,...,Ti-1;0)) Softmax over
B Zx’EV exp(s(x/|Ti—ni1,---,xi_1;0)) wordtype scores




P(Cli‘i \ Li—n+1y- .- ,%;9)
B exp(s(x;|Ti—nit,...,Ti_1;0)) Softmax over
D wrey €XP(S(2|Ti—pnt1, .-, Ti—150))

$(@ | Timn1s -5 im130) = fo(@(Timng1), - - @(Ti1))[2]
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Input Word
tokens embeddings
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The Feedforward
N-Gram Model
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Scores over
vocabulary

Probabilities
over
vocabulary

The Feedforward
N-Gram Model
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Model Parameters 8 /]
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Bengio et al. 2003
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n=3

Feedforward N-Grams:
Scoring Sequences

BOS BOS I like pizza
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Feedforward N-Grams:
Scoring Sequences

n=3
p(I)

BOS BOS 1 like pizza
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n=3

Feedforward N-Grams:
Scoring Sequences

p(I) p(like)

BOS BOS I like pizza
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Feedforward N-Grams:
Scoring Sequences

n=3

p(I) p(like) p(pizza)

BOS BOS I like pizza
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n=3

oE

Feedforward N-Grams:
Scoring Sequences
p(I) p(like) p(pizza) p(EOS)

BOS BOS I like pizza

! (log p(I) + log p(like) + log p(pizza) + p(EDS)))



Feedforward N-Grams:
Generation 1"
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Feedforward N-Grams:
Generation 1"
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Feedforward N-Grams:
Generation 1"

BOS BOS And then
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BOS BOS And then I ...




Training Neural N—Grams/\\

o We have some training dataset D = {f}f\il

e We want to find the parameters of our neural model O that
maximize the likelihood of this dataset

e Train using gradient descent in log-probability space

||
0" = arg m@in — E E logp(x; | Ti—na1y.--,xi—1;0)
o € RIVIxd TED i=1
H € Rd(n—l)xh
c e R"
= RhX|V|

W e Rd(n—l)X|V|
b e RV



e What if the count of the target n-gram is 0?




JWhat if the count of the target n-gram is 0?

e What if our n-1-gram prefix has a count of 07




Drawbacks of
Count-based N-Gram Models

/What if the count of the target n-gram is 07

/What if our n-1-gram prefix has a count of 97

e Storage is at worst exponential wrt |V
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Drawbacks of
Count-based N-Gram Models

/What if the count of the target n-gram is 07

/What if our n-1-gram prefix has a count of 97

JStorage is at worst exponential wrt |V

JNO notion of similarity

JIntervening words

xWithout a big n, cannot handle long-distance
dependencies




N-Gram Approximation ]\

z|

N\ Autoregressive
p(T) = Hp(a:*z | T1,. i) approximation
1—=1
||
N N-gram
™~ Hp(a:z | Tiony1,- 5 Tio1) approximation
1=1
|| 9.
N (Ti—pa1y ey i1, T4) Count-based
11 Clhi—ptts - Ti1) approximation
||
~ Hp(gj"’ | Tiepat, ... 0 0) Neural n-grams
1=1

Still can’t represent contexts past n



Infinite Context?  /|\

||
p(f) — Hp(xz ‘ L1y .- 755’12—1)
1=1
e N-gram models (count-based or neural) impose fixed

windows of context

e Could we instead truly compute P(Cl?fz; \ L1y--- 737@'—1)
for any 1?



Recurrent Neural Network

OUTPUT UNITS

o Key idea: add a latent space ?
whose values are both;

e determined by computations
performed during previous
“timesteps”, and C ' ]

e taken in as input at each
timestep

e The value of this latent space is
called a “hidden state”

I
i .
4 \
' s
) I ‘ 7]

INPUT UNITS CONTEXT UNITS

Elman et al. 1990



Recurrent Neural Network/]\

Input Word Hidden
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Multi-Layered RNN
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RNN Parameters /]\

-
h;, = c(Wrhi_1 + Wed(x;) + b

 —
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b € RIVIxd ¢() c RIVIxd
H e :Rd(n—l)xh W. e Rdxd’
h Y,
c € _Rh b, € R
U & Rd(X“_}'l Iy Wh c :Rd,Xd,
W e :RHJTJ ) x|V U c Rd/X|V|
beR bo € RW\
Neural N-grams RNN
TVT i 20,000 vi= 20,000
4 = 100 ’ =» ~13M parameters d,= 100 =» ~2 1M parameters
h = 60 R

Plus, we can (theoretically)
keep information from any
point in the past!



RNN: Scoring Sequences /]\

Input Word Hidden

tokens embeddings states
hO (learned or null)

(oooooo)
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RNN: Scoring Sequences /]\

Input Word Hidden
tokens embeddings states
hO (learned or null)
(000000)
¢(BDS) hl ¢
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Word

embeddings

¢(B0OS)

BOS

» (OO0O00O0}

Hidden

states

hO (learned or null)

(000000)

(1)

like

» (O0OO000)

—+(000000)

o (like)

pizza

—+(000000)

g

» (00O0000)

¢(pizza)

» (OOO000)

p(I)

RNN: Scoring Sequences /]\
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RNN: Scoring Sequences /]\

Input
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embeddings
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RNN: Generating Sequences /‘\

Input Word Hidden
tokens embeddings states
hO (learned or null)
(oooooo)
¢(B0S) hi = o(Whhi—1 + Weg(xi) + by) |
ROS » (000000} »(ooooooL
. softmax Hﬂﬂﬂ H[ 1[\”“
sample

The



RNN: Generating Sequences /‘\

Input Word Hidden

tokens embeddings states
h1

(000000)

hi = oc(Wphi—1 + Weo(x;) + b1) .

e softmax JHWM 1
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RNN: Generating Sequences /\\

Input Word Hidden
tokens embeddings states
ho
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¢(following) l |
following— (Goco00) »(000000) > >
W softmax HHHH H[ “ﬂ
sample
s=Uh;_1+ by v

sections



Training an RNN

o We have some training dataset D = {f}f\il

e We want to find the parameters of our neural model O that
maximize the likelihood of this dataset

e Train using gradient descent in log-probability space

|z |
>k . .
0 = argmin | — E E logp(x; | ®1,...,2-1;0)
dxd’

We € Rd, During training, we always compute the
b1 € Rd,xd, probability of each observed token by
Wg c IIEd/X|V| conditioning on its observed prefix. This is

=

also called “teacher forcing”.



RNNs solve many of
our problems! 1l

%Nhat iIf we’ve never seen a sequence before?

JWhat iIf we've never seen its prefix before?
JModel 1s tiny compared to count-based or neural n-grams
JUsing word embeddings allows learning from similarity

JPersistent hidden state makes it robust to intervening
words

JCan theoretically handle long-distance dependencies



e Vanishing gradients

ho
(000000)
$(BOS) ]
BOS > (000000} +(000000)
0L(xy | 1,..., Tp_1)
¢(I) h2 v (o ohy ?
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p(ike) — py |
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. ¢(pizza) hy
o (©oo000 +(0©00000) Softmax pP(EOS)

L(z,|x1,...,2n_1)=—logp(z, | x1,...,T0n_1;0)



ho
(000000)
$(BOS) ] |
BOS » (000000) +(000600) Chain rule
0L (zy | T1,. .., Tp_1) dOhe  0L(xp | 21, .-, Tp_1)
¢(I) ho ! 5hy = oh 5t
I » (000000) -+(000000)
p(ike) — py |
like » (000000) +(000000)
. ¢(pizza) hy
(©00000 +(000000) pr— pP(EOS)

L(z,|x1,...,2n_1)=—logp(z, | x1,...,T0n_1;0)



ho
(000000)
#(BOS)  p, ] .
ROS » (OO0000Y} +(000000) Chain rule
0L (zy | T1,. .., Tp_1) dho
o(I) ho | 5y = S
I » (0O0O0000) —-+(000000) . .y
. hs Ty | T1,- -, Tp—1
gb(hke) hg | Shy e Shs )
like » (0O0000) +(000000)
. ¢(pizza) hy
o (©oo000 +(0©00000) Softmax pP(EOS)

L(z,|x1,...,2n_1)=—logp(z, | x1,...,T0n_1;0)



hg
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#(BOS)  p, ] Chain
ROS » (000000} +(000000) ain rute
0L (zy | T1,. .., Tp_1) dho
o(I) ho | 5y = S
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12za > ). » — EOS
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(5[:(337, ‘ CE‘l,...,CEf,;_l) o 5»6(377, ‘ ZE‘l,.. s Lg— 1 H 5ht
oh,; i<ici Ohy
h; = U(Whhz’—l + Wep(x;) + b1)
f(hi—1) = Wrhi—1 + Wep(x;:) + b
oh; .
ho = diag (o' (f(hi-1))) Wh
(000000) Oh;_1
»(BOS)  p, ]
BOS > (000000} +(000000)
0L (zy | T1,. .., Tp_1) dho
o(I) ho | 5y = S
I » (0O0O0000) —-+(000000)
. Ohs3
¢(hke) hg ! Shy
like > (ooc?ooo) -+(000000) e (a0 oot
. ¢ (plzza) hy 5hs 5ha
1ZZa > ) A 9 MLP >
o (©oo000 +(0©00000) Softmax pP(EOS)
L(z,|x1,...,2n_1)=—logp(z, | x1,...,T0n_1;0)



Vanishing Gradients

OL(x; | x1,...,xi—1) O0L(x; | x1,...,25-1)
S - 7 11 diag (o’ (f(hi-1))) W,
J ¢ I<t<1
[T wo [] diag(o’(f(hi-1))
1<t<a 1<t<1
ho Wi ? ] diag(o’(£(hi-1))
(000000) Sy
¢(B0OS) hy J<t=e
BOS > (G00000) +(660650) If the values of
¢(I) 0L(Tn | 21, - -, Tn—1) __ Ohg the weight matrix
hg ! Shy = b are too small,
I > (000000) —+(000000) - gradients will get
gb(hke) h 3 | ﬁ X :;paol;wentially
like » (000000) +(000000)
) Ohy y 0L(zy | T1,.. ., Tp_1)
: ¢(p1zza) h4 | 5hs 5ha
pizza . (0O0000). .
+(000000) ppr— > p(EOS)

L(z,|x1,...,2n_1)=—logp(z, | x1,...,T0n_1;0)



RNN Problems

e Vanishing gradients: gradient signal from many
timesteps in the future is negligible compared to gradient
signal from nearby tokens

When she tried to print her tickets, she found
that the printer was out of toner. She went to the
stationery store to buy more toner. It was very
overpriced. After installing the toner into the
printer, she finally printed her ...

Example from Stanford cs224n



RNN Problems

e Vanishing gradients: gradient signal from many
timesteps in the future is negligible compared to gradient
signal from nearby tokens

e Exploding gradients: if the activations are too big, the
gradients become too big, and the values of the weights
become too big, eventually getting values closer to oo

e Can solve using gradient clipping (if the norm of the
gradient 1s greater than a threshold, clamp its value or
scale it down)



Long Short-Term Memoryﬁh

Basic RNN h;_q
(©00000)  h; = g(Wrhi—1 + Wed(x;) + b1)
¢(xz) h. | Hidden state is updated the same way at every
1

T (060600) (G00000) §tep. Thg update.doesn t depend on the new
information coming from x;




Long Short-Term Memory

LSTM h;_1 Ci—1 Cell memory: same
(000000) (cocoo00) size as hidden state

New cell content: information
added from new token

¢(a’/‘z) 57/ ¢ ¢; = tanh (Wchi—l + U.x; + bc)
L; —{000000}—>(000000)




Long Short-Term Memcry/‘\

LSTM h;_1 Ci—1 Cell memory: same
(000000) (cocoo00) size as hidden state

ew cell content: information

ed from new token
¢(a’/‘z) 57/ ¢ ¢; X tanh (Wchi—l + U.x; + bc)
L; —{000000}—>(000000)

“Forget” gate: what information
should be removed from or kept
in the memory?

fi=o0(Wjshi—1 + Usx; + by)

000000)

fi




Long Short-Term Memcry/\\

LSTM h;_1 Ci—1 Cell memory: same
(000000) (cocoo00) size as hidden state

ew cell content: information

ed from new token
¢(a’;z) 5@ ¢ C; tanh (Wchq;—l + UCZCZ’ + bc)
L; —{000000}—>(000000)

“Input” gate: what new
information should be added to
the memory?

iy =0 (Wihi—1 + Uiz; + ;)

(000000)




Long Short-Term Memcry/‘\

LSTM h;_1 Ci—1 Cell memory: same
(000000) (cocoo00) size as hidden state

ew cell content: information
added from new token

¢(CEZ) 67, ¢ ¢; X tanh (Wch;—1 + Ucz; + be)

“Input” gate: what new
information should be added to
the memory?

i; =0 (Wihi—1 + Uﬂ?ic—l- bi)

New information to add

C; = 1;0C; + [; 0¢Ci—1
(000000 ) “$(000000)




Long Short-Term Memcry/\\

hi—1
(000000)

ew cell content: information
ed from new token

LSTM

Ci—1

New hidden state: get some
information from “long-term”
memory to serve as the
“working memory” for this h
()

timestep
h; = o0; o tanh(c;) (©00000)

Cell memory: same
(000000) size as hidden state

Vanishing gradients: no
longer a problem, because
we can keep around
information indefinitely

New information to add

c; =1;0C + fioci_1

_(000000)

“Output” gate: what information
from the memory should be put in

the new hidden state?
0; — O'(Wohi_l + UOZCrL' + bo)




Long Short-Term Memcry/\\

LSTM h;_1 Ci—1 Cell memory: same
(000000) (cocoo00) size as hidden state

l

v
L3 —{000000) LSTM Cell

hi v C; l
(000000) (000000)
v

MLP > -
softmax Hﬂﬂﬂ ﬂﬂl 1[“”

s =Uhj—1 + b2




