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About this lecture

In this lecture:

— brief overview on language models (more on this during the lecture by Dr. Oana-

Maria Camburu)
— Recurrent Neural Networks
— The Long Short-Term Memory (LSTM) architecture
— Applications and extensions
— slides: lampos.net/teaching

Reading / Lecture based on: Chapters 3 (less so), 7 (less so), and 9 (more so) of

“Speech and Language Processing” (SLP) by Jurafsky and Martin (2023) —
web.stanford.edu/~jurafsky/slp3/

Additional material

*  Difficulties in training RNNs — proceedings.mlir.press/v28/pascanul3.pdf
*x LSTMs — colah.github.io/posts/2015-08-Understanding-LSTMs/
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Text order is Important

Language is a sequence of “events” over time
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Eric Clapton plays the  guitar * the guitar plays Eric Clapton
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Language model

A language model predicts the next word of a word sequence:

... and all of a sudden Eric Clapton started to playthe
\game
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Language model

A language model predicts the next word of a word sequence:

... and all of a sudden Eric Clapton started to playthe
\game

Language model

Given a sequence of words x;, x,, ..., X,
compute the probability of the next word p(xm | X, X1, ...,xl)

where x. € 7 (a word from our vocabulary)
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We use language models all the time

DuckDuckGo
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7/

should | stay or should | stay Od

Should | Stay or Should | Go
Song by The Clash

should i stay or should i go

|-

should i stay or should i go lyrics

0

should i stay or should i go lyrics

jo,

should i stay or should i go tab should i stay or should i go chords

jo,

should i stay or should i go chords Sueilel ety el Ceit lEm el

Should | Stay Or Should | Go: Surviving A Relationship with a Narcissist
should i stay or should i go the clash LB Book by Ramani Durvasula

%]
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s
Q
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jo,

should i stay or should i go traduction should i stay or should i go bass tab

jo,

should i stay or should i go stranger things
should i stay or should i go paroles

jo,

should i stay or should i go lyrics meaning
should i stay or should i go stranger things

jo,

should i stay or should i go advert

0

should i stay or should i go gif

Google Search I'm Feeling Lucky

Report inappropriate predictions
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Language model evaluation using perplexity (PPL)

N 1 Na--mmmmmmmmmmmmmmm e
number of tokens
_______________ "PPL = in our corpus
———————— L\ P 1 )
lower is
better inverse probability of the corpus, according to the language model ¢
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Language model evaluation using perplexity (PPL)

- 1 Nemm— ot ok
number of tokens
"""""""""""""" PPL = in our corpus
o L\ P 1 )
lower is
better inverse probability of the corpus, according to the language model ¢
Intuition: PPL = 0, then our uncertainty about the next word is ~ equivalent to

the uncertainty of tossing a 0-sided dice and getting a 0
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Language model evaluation using perplexity (PPL)

& 1 Wommm— .
number of tokens
"""""""""""""" "PPL = in our corpus
"""" =1 pf<xt+1 "xta ---,X1>
lower is
better inverse probability of the corpus, according to the language model ¢
Intuition: if PPL. = o, then our uncertainty about the next word is ~ equivalent to

the uncertainty of tossing a 0-sided dice and getting a 0

1
N 1 N
PPL = | | | == exp(L(0))
) AR
=1 yxt+1 '
g
the estimated prob. at word ¢ that the next s cross entropy loss of a language
, see 3.8 in SLP :
word is X, ; based on the language model model parametrised by 0
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Language model evaluation using perplexity (PPL)

Model
Interpolated Kneser-Ney 5-gram (2013)
RNN-1024 + MaxEnt 9-gram (2013)
LSTM-2048 (2016)
2-layer LSTM-8192 (2016)
Adaptive input Transformer (2019)

GPT-2 (2019)

But of course, there is a limit on how low perplexity can realistically be!

Source 1: engineering.fb.com/2016/10/25/ml-applications/building-an-efficient-neural-language-model-over-a-billion-words/

Source 2: openreview.net/pdf?id=ByxZX20qgFQ
Source 3: huggingface.co/docs/transformers/perplexity
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https://engineering.fb.com/2016/10/25/ml-applications/building-an-efficient-neural-language-model-over-a-billion-words/
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https://huggingface.co/docs/transformers/perplexity

A foundational neural language model

Paper: dl.acm.org/doi/pdf/10.5555/944919.944966

>
i
|

.

k words
QI
h @0 00000000
WI
u, u, U, u,
Q000 0000 0000 0000
another brick N the
X1 X5 X3 X,
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A foundational neural language model

o
i
|

B

k words
QI
h 000000000
W
u, u, U Uy
u=[Uusus] e RY 000 0000 0000 0000

concatenate I I I [

word representations another brick N the
X Xy X3 X4
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A foundational neural language model

>
i
|

B

k words
o
h=c(W-u+b,) €R" h 000000000
WERmX4d W
u, u u u

2 3 4
u=[Uusus] e RY 000 0000 0000 0000

concatenate I I I [

word representations another brick N the
X Xy X3 X4
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A foundational neural language model

>
building
]
Z00

j = softmax(Q - h+by) € [0,1]  Ei= ¢ words
Q = Rka QI
h=6(W-u——bW) e R™ h 000000000
W & RmX4d WI
u, u, u, Uy
u=[upupugu] e RY 000 0000 0000 0000
concatelflate I I I [
word representations another brick N the
X Xy X3 X4
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A foundational neural language model

j = softmax(Q-h+by) € [0,1 E
Q = Rka %D
h=o(W-u+b,) R EM o
W c RmX4d 5\’ Tl_l I—l I_I 8 k words
u=[upuugwy] € RY
Q
h
v 0000000000
» context / window size is fixed WI
» W grows if we increase the i %2 U3 t.
window Q000 0000 0000 0000
» word position is modelled
explicitly and independently, i.e.
there is no weight sharing ~nother hrick o the
between words X N N N
1 2 3 4
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Recurrent Neural Network (RNN) — Intuition
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Recurrent Neural Network (RNN) — Intuition

Recurrency
The current hidden state h, depends

on the previous hidden state h,_; and
influences the next hidden state h,_
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Recurrent Neural Network (RNN) — Intuition

Recurrency
The current hidden state h, depends

on the previous hidden state h,_; and
influences the next hidden state h,_

The RNN unrolls to a theoretically
unlimited number of time steps
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Recurrent Neural Networks (RNNs)

y[l] y[Z] y[3] y[4]
h!!] Q h!4 Q hi3! Q h!4] Q
O W )Q \%% )Q \%% QW
O O O O
O O O O
X1 X X3 X4
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Recurrent Neural Networks (RNNs)

§1l §121 y13! gl
Bl h!2 h!3! h!*

O O O O

ow_ |OWwW OW OW,

O O O O

O O O O
sequence X, X, X3 Xy in theory oo
of inputs :
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Recurrent Neural Networks (RNNs)

y[l] y[Z] y[3] y[4]
N W2l L pBl e W4 = .
hidden states O O O O core property:
i.e. the RNN layer O O O O remains
; Q Q Q Q = the same
vz S S S R PN
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Recurrent Neural Networks (RNNs)

output at each

S[1] S[2] 5131 o14] optional

time step y y Y Y P

h[l] -------------------- h[2]h[3] -------------------- ﬂ[—‘-‘-] ------------------------------------------ core property!

hidden states O O - O

- of the RNN Ol W > O W > Ol W > O A W

l.e. the RNN layer O O O — remains

Q Q Q Q the same
sequence X X, X3 Xy in theory oo
of inputs
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An RNN-based language model
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An RNN-based language model

T T T T

another brick in the
in theory

X1 %) X3 Y % [ERRTELEURIPEEE sequence length
can be unlimited
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An RNN-based language model

O O O O
ul!l 8 ul2! 8 ul3! 8 ne 8
() () () ()
T T T T
another brick In the  theory
A1 %% A3 KXfpmmmmmmmmmmeee- sequence length

can be unlimited
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An RNN-based language model

initial hidden state

ii[O] hil!
O O
O Wi O
O O
o |@
Wl/t
O O O O
ulll 8 ul? 8 ul’] 8 ul? 8
() () () ()
T T T T
another brick In the |
in theory
X %9) A3 Afpermrenmnernass sequence length

can be unlimited
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An RNN-based language model

initial hidden state

i}[O] h(1] h(2]
O O O
OV O W, O
O O O
o o e

W, W
O O
ul!] 8 ul2! 8
() ()
T T
another brick
X %9)

COMPO0OO087 - Recurrent Neural Networks

ul3!

O
O
O
()
T

In
A3

ul4

O
O
O
()
the
in theory
Aperamrmnanenaass sequence length

can be unlimited

12



An RNN-based language model

initial hidden state Y= p<x5 ‘AXI, ’ x4) wall
W,
h!(0] h(ll h(2! h(3] h(4]
ol Jo| o] [e] e .
Q Wh X Q Wh i Q Wh i Q Wh ) Q building
Q Q Q Q Q l: words
(m) (m) (m) (m) (m)
O O O O
u[l] 8 u[2] 8 u[3] 8 u[4] 8
() () () ()
T T T T
another brick In the |
in theory
A1 4% A3 X --mmmmmmmnee- sequence length

can be unlimited
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An RNN-based language model

initial hidden state Y= p<x5 ‘AXI, ’ x4) wall
Wy
h!(0] h(ll h(2! h(3] h(4]
ol Jo] (o] (o] e .
Hidden states O Ww O W, O W OW: O building
h! = 6(W, - u! + W, - h"1 + b)) O O O O O .
(m) (m) (m) (m) (m)
Or LISG tanh( ¢ ) A A A A
O O O O
ulll 8 ul?! 8 ul3] 8 ul4] 8
() () () ()
T T T T
another brick In the |
in theory
A1 4% A3 X --mmmmmmmnee- sequence length

can be unlimited
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An RNN-based language model

OUtpLIt initial hidden state Y= p(x5 ‘AXI, ’ x4) wall
& _ hl4 W
Y= SOftIIl&X(Wy e+ by> h!(0] hil h!4 hi3! h4] g
o] [o] o] o] e .
Hidden states O Ww O W, O W OW: O building
h'! = (W, - ul + W, - hi"=11 4 b),) O O O O O oo
(m) (m) (m) (m) (m)
Or LISG tanh( ¢ ) A A A A
O O O O
ulll 8 ul? 8 ul’] 8 ul? 8
() () () ()
T T T T
another brick In the |
in theory
A A A3 Xf-mmmmmmnnnnes sequence length

can be unlimited
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An RNN-based language model

Z00

OUtpLIt initial hidden state y=r <X5 ‘AXI, B x4) wall
& _ hl4 W
Y= SOftmaX(Wy e by) h(O] hU1] h(2] hi3] ]
o [o] [o] e |e -
Hidden states O Ww O W, O W OW: O building
h'! = (W, - ul + W, - hi"=11 4 b),) O O O O O oo
(m) (m) (m) (m) (m)
Or LISG tanh( ¢ ) A A A A
Dimensionalities?
u’eR" embedding of x, from UeR"*" O O O O
[7] m ulll O ul?! O ul’] O ul4 O
hit, b, ER ol "|o] ol Mo
() () () ()
T T T T
another brick In the |
in theory
A1 4% A3 X mmmmmmennnes sequence length

can be unlimited
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An RNN-based language model

Z00

OUtpLIt initial hidden state Y= p(x5 ‘AXI, ’ x4) wall
& _ hl4 W
Y= SOftmaX(Wy e by) hl0 h1] h2 hi3! ]
ol [e] o] o] (e .
Hidden states O Ww O W, O W OW: O building
h'! = (W, - ul + W, - hi"=11 4 b),) O O O O O oo
(m) (m) (m) (m) (m)
Or LISG tanh( ¢ ) A A A A
Dimensionalities?
u’eR" embedding of x, from UeR"*" O O O O
[7] m ulll O ul?! O ul’] O ul4 O
bt b, €R o| "o o] *|o
y.b,eR () (m) () ()
W, eR™" W, € Rm™™ T | | T
W e Rbxm another brick N the  theory
’ X1 %) X3 K-=memmmmemeees sequence length

can be unlimited
COMPO0OO087 - Recurrent Neural Networks 12



An RNN-based language model

Z00

OUtpLIt initial hidden state Y= p(x5 ‘AXI, ’ x4) wall
& — 4 W
d SOftmaX(Wy e by) hl0 h1] h2 hi3! ]
ol [e] o] o] (e .
Hidden states O Ww O W, O W OW: O building
h'! = (W, - ul + W, - hi"=11 4 b),) O O O O O oo
(m) (m) (m) (m) (m)
Or LISG tanh( ¢ ) A A A A
: : e o W. W. W, W, How many
Dimensionalities: - - - - parameters
ule R" embedding of x, from UeR"" does the RNN
1| O 7 O 3| O q O 2
h'! b R ulll ul?! ul’ ul# have-
> D, € O O O O
y.b,eR () (m) () ()
W, eR™" W, € Rm™™ T | | T
W, o another brick N the  theory
A1 %% X3 KXgo-mmmmmmmmmnnee- sequence length

can be unlimited
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An RNN-based language model

Output
g = [4]
§ = softmax (W, - hi¥l + b, )

Hidden states
hil = 6(W,-u"+ W, - hl= +p,)

or use tanh( - )

Dimensionalities?

uleR"” embedding of x, from Ue R"
h'" b, eR™

y.b,eR*

W eR™" W, e R™"

W, e RO

N0

initial hidden state
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Q Wh X Q Wh i Q Wh i Q Wh ) Q building
Q Q Q Q Q l: words
(m) (m) (m) (m) (m)
W. W. W, W, How many
parameters
O O O O does the RNN
Y RS (S e (O s have?
O O O O
0 O () (m) —m-(n+m+ 1)
T T T T
another brick In the |
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0 =W, W, W,|

RNN training

Loss at each
time step
T
at each time step we B
predict a prob. dist. .
over the entire corpus 1]
and determine the most —— 5
probable next word W,
h!0! Q hil! Q
O W, 1O
O O
() ()
Iw
O
O
ul!!
O
Q,
text sequence / corpus T
T~ another
X1

ul2! ul?!

—*@QQQE?@QQQ
—*@QQQ;?@QQQ

5.

brick

%) A3
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RNN training

0 =W, W, W,|

Loss at each — > —log $M (“brick”)
time step |

\’L“i(é’) L(6) LP)(6) L1¥(9)

at each time step we
predict a prob. dist.

over the entire corpus . ::1] 2] 3] AE4]
and determine the most —— 5 y y y
babl t word

probable next wor W, W, W, W,

h(0! O h!l] O h? O hl3] O h4! O

O W O Wi O W O Wi O

O O O O O

(m) ) (m) (m) (m)
TWM IWM IWM TW”

O O O O

ull! 8 ul?! 8 ul3! 8 ne 8

Q, Q, Q, Q,

text sequence / corpus T T T T

T~ another brick in the Wall
X1 X X3 Xy
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RNN training

0 =W, W, W,|

Loss at each — > —log $M (“brick”) —log $%I(“in")
time step | |

\’L“i(é’) L(6) LP)(6) L1¥(9)

at each time step we
predict a prob. dist.
over the entire corpus

F Ll R R
[E—
e

A 2] 3] AE4]
and determine the most ——" 4 y y y
babl t d

probable next wor W, W, W, W,

h(0! O h!l] O h? O hl3] O h4! O

O W, O Wi O W O Wi O

O O O O O

(m ) (m) (m) (m)
TWM IW“ IWM TW”

O O O O

O O O O

[1] 2] 3] [4]

u ® u ® u ® u ®

Q, O, Q, Q

text sequence / corpus T T T T

T~ another brick in the Wall
’xl x2 x3 X4
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RNN training

0 =W, W, W,|

Loss at each — > —log $M (“brick”) —log $%I(“in") —log $P)(“the”)
time step | | |

\’L“i(é’) L(6) LP)(6) L1¥(9)

at each time step we
predict a prob. dist.

<

over the entire corpus . ::1] . 3] AE4]
and determine the most —— 5 Y " Y
babl t word

probable next wor W, W, W, W,

h(0! O h!l] O h? O hl3] O h4! O

O W O Wi O W O Wi O

O O O O O

(m) ) (m) (m) (m)
TWM IWM IWM TW”

O O O O

ull! 8 ul?! 8 ul3! 8 ne 8

Q, Q, Q, Q,

text sequence / corpus T T T T

T~ another brick in the Wall
X1 X X3 Xy
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RNN training

0 =W, W, W,|

Loss at each — > —log $M (“brick”) —log $%I(“in") —log $P)(“the”) —log $*(“wall”)
time step | | | I

\’L“i(é’) L(6) LP)(6) L1¥(9)

at each time step we
predict a prob. dist.
over the entire corpus

<

1]

) : 3 N
and determine the most ——" 4 Y " Y
babl t d

probable next wor W, W, W, W,

h(0! O h!l] O h? O hl3] O h4! O

O W, O Wi O W O Wi O

O O O O O

(m ) (m) () (m)
TWM IW“ IWM TWM

O O O O

O O O O

[1] 2] 3] [4]

u ® u ® u ® u ®

O, O, O, Q

text sequence / corpus T T T T

T~ another brick in the Wall
’xl x2 x3 X4
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RNN training

0 =W, W, W,|

Loss at each — 7 —log M(brick?) |+ | =logd(in) |+ | —logPl(“the’) | + | -logPH(war)| + .. =LO)=— Z L")
time step | | I ! =1

\’L“i(é’) L(6) LP)(6) L1¥(9)

at each time step we
predict a prob. dist.

<

over the entire corpus . ::1] . 3] AE4] .
and determine the most —— Y A Yy cu;nulat;ve cr Osst-h
probable next word W entropy10ss, 1.e. the
Y W, W, W, mean loss across all
S h''[ O h? o h o h O time steps
O Wi 1O Wi O Wi O Wi O
> > >
O O O O O
(m ) (m) () (m)
TWM IWM IWM TW”
O O O O
ul!! 8 ul?! 8 ul3! 8 ul! 8
O, O, O, Q
text sequence / corpus T T T T
T~ another brick in the Wall
X X5 X3 Xy
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RNN training in practice

> The number of tokens, 7, across a large corpus is obviously quite large!

1 T
L(6) = ;Zl: L10)

> Computing L(0) becomes too computationally expensive...

> Instead we (once again) work with a specified window of text, say a sentence

> We compute L(0) for a batch of sentences, then compute the gradient of the
loss with respect to the parameters of the network, and then update the
parameters.

>  We repeat this on a new batch until we eventually pass across the entire corpus.

> And then we go back to the beginning and repeat the entire process (a new
training epoch), if necessary.
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RNN training in practice

how?

> then compute the gradient of the
loss with respect to the parameters of the network
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Training the parameters of RNNSs

L)
)
i
* H * )
W W i W
h[0) pil hir-2 hi-1] ;Wy ! ’
O O O O O
Q Wh > Q Wh > Wh —> Q Wh > Q Wh > Q ....... .‘.R.].}f .....
O O O O O
() D D D D
W, W, W, W,
oL
During training, one of the derivatives we need to estimate is: W
h
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Training the parameters of RNNSs

L(0)
)A,E[t]
W, Ewy Ewy W,
h!0! hill hi—2] . hi—11 h!]
O O O O O
O W, ) O Wi ) W, N O W, ) O W, ) O W,
O O O O o ’
() D D D D
W, W, W, W,
oL!"
During training, one of the derivatives we need to estimate is: W
h
oL oL we are summin
. . _ g up the
This is given by: oW, g‘ oW, | gradients at each time step
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Training the parameters of RNNSs

for each time step the

[1]
partial derivative L ff(@)
___________ depends on different upstream 5
""""""""" variables E
: 4 A s\fﬂ
W,/ w, .. W, W,
hill hi—21 hl-11 bl
O O . O O O
O W, 8 O W, ) VVh9 O W, ® W, o W,
w. W, W, W,
oLl
During training, one of the derivatives we need to estimate is: W
h

oL & oL -
This is given by: _ we are summing up the

oW, * OW,, | gradients at each time step

l
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Total derivative of a multivariable function

Multivariable chain rule

f(x(t), y(t)) that depends on two single j f(x(t) y(t))

variable functions x(7) and y(¢)

af dx
ox dr

of d
ax I &

oy dt

COMPO0OO087 - Recurrent Neural Networks

22



Total derivative of a multivariable function

Multivariable chain rule

f(x(t), y(t)) that depends on two single j f(x(t) y(t))

variable functions x(7) and y(¢)

Example

fO,y) =3x+y°
x(f) = t?

y@) =t—1

af dx
ox dr

of d
ax I &

oy dt
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Total derivative of a multivariable function

Multivariable chain rule

f(x(t), y(t)) that depends on two single j f(x(t) y(t))

variable functions x(7) and y(¢)

Example

fO,y) =3x+y°
x(f) = t?

y@) =t—1

0]” dx
ox dr

of d
ax I &

oy dt

trivial solution
(not always possible)

f(x,y) = 3x(0) + y(£)*
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Total derivative of a multivariable function

Multivariable chain rule

f(x(t), y(t)) that depends on two single j f(x(t) y(t))

variable functions x(7) and y(¢)

Example

fO,y) =3x+y°
x(f) = t?

y@) =t—1

0]” dx
ox dr

of d
ax I &

oy dt

trivial solution
(not always possible)

fx,y) = 3x(2) + y(1)°
=32+ (t — 1)?
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Total derivative of a multivariable function

Multivariable chain rule

f(x(t), y(t)) that depends on two single j f(x(t) y(t))

variable functions x(7) and y(¢)

Example

fO,y) =3x+y°
x(f) = t?

y@) =t—1

0]” dx
ox dr

of d
ax I &

oy dt

trivial solution
(not always possible)

f(x,y) = 3x(0) + y(£)*
=32+ (t — 1)?
=412 =2+ 1
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Total derivative of a multivariable function

Multivariable chain rule

f(x(t), y(t)) that depends on two single j f(x(t) y(t))

variable functions x(7) and y(¢)

Example

fO,y) =3x+y°
x(f) = t?

y@) =t—1

0]” dx
ox dr

of d
ax I &

oy dt

trivial solution
(not always possible)

f(x,y) = 3x(0) + y(£)*

=32+ (t—1)
=41 =2t + 1
d
Y g2
dt
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Multivariable chain rule

Total derivative of a multivariable function y
f(x(t), y(t)) that depends on two single ” f(x(t) y(t))
variable functions x(7) and y(¢)

0]” dx af dy
ox dt 6y dt

Example trivial solution multivariate
P . (not always possible) chain rule
fay) =3x+y>  fley) =3x(0) + (1)

x(f) = 12 =32+ (t— 1)

y@) =t—1 = 41> - 2t + 1
d
982
dt
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Multivariable chain rule

Total derivative of a multivariable function y
f(x(t), y(t)) that depends on two single ” f(x(t) y(t))
variable functions x(7) and y(¢)

0]” dx af dy
ox dt 6y dt

Example trivial solution multivariate
P (not always possible) chain rule
fey)=3x+y>  flny) =3x0) + y() i

x(t) =t =3+ (t — 1)? dt

y(t) =t—1 i =417 =2t + 1
d
Y g2
dt
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Multivariable chain rule

Total derivative of a multivariable function y
f(x(t), y(t)) that depends on two single ” f(x(t) y(t))
variable functions x(7) and y(¢)

0]” dx af dy
ox dt 6y dt

Example trivial solution multivariate
P . (not always possible) chain rule
faay) =3x+y>  fny) = 3x0) + (0 &

x(t) =t =3+ (t — 1)? dt

y(t) =t—1 i =417 =2t + 1
d
Y _gi-2
dt
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Multivariable chain rule

Total derivative of a multivariable function y
f(x(t), y(t)) that depends on two single ” f(x(t) y(t))
variable functions x(7) and y(¢)

0]” dx af dy
ox dt 6y dt

Example trivial solution multvariate
P (not always possible) chain rule
fey)=3x+y>  flny) =3x0) + y() ¥
x(t) =t =3+ (t — 1)? dt
W) =1—1 — 42— 2t + 1
d
Y g2
dt
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Multivariable chain rule

Total derivative of a multivariable function y
f(x(t), y(t)) that depends on two single ” f(x(t) y(t))
variable functions x(7) and y(¢)

0]” dx af dy
ox dt 6y dt

Example trivial solution multivariate
P (not always possible) chain rule
foy)=3x+y>  flny) = 3x(0) + y()° df
= =3.2t+ 2y

x(t) = 12 =324+ (t—1)° dt
W) =1—1 — 42— 2t + 1

d

Y g2

dt
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Multivariable chain rule

Total derivative of a multivariable function y
f(x(t), y(t)) that depends on two single ” f(x(t) y(t))
variable functions x(7) and y(¢)

0]” dx af dy
ox dt 6y dt

Example trivial solution multivariate
P (not always possible) chain rule
fooy) =3x+y>  fony) =3x(0) + y(1) df
— =32t + 2y -1
x(t) = 12 =324+ (t—1)° dt
W) =1—1 — 42— 2t + 1
d
Y g2
dt
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Multivariable chain rule

Total derivative of a multivariable function y
f(x(t), y(t)) that depends on two single ” f(x(t) y(t))
variable functions x(7) and y(¢)

0]” dx af dy
ox dt 6y dt

Example trivial solution multivariate
P . (not always possible) chain rule
foy)=3x+y*  flny) =3x(0) + ¥ df
— =32t + 2y -1

x(t) = 12 =324+ (t—1)° dt

o) =1 — 1 — 42— 2+ 1 — 614201 1)
d 5
Y g2
dt
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Multivariable chain rule

Total derivative of a multivariable function y
f(x(t), y(t)) that depends on two single ” f(x(t) y(t))
variable functions x(7) and y(¢)

0]” dx af dy
ox dt 6y dt

Example trivial solution multivariate
P . (not always possible) chain rule
foy)=3x+y*  flny) =3x(0) + ¥ df
— =32t + 2y -1
x(t) = 12 =324+ (t—1)° dt
o) =1 — 1 — 42— 2+ 1 — 614201 1)
ﬁ — Q-2 =8r—2

dt
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Multivariable chain rule

Total derivative of a multivariable function y
f(x(t), y(t)) that depends on two single ” f(x(t) y(t))
variable functions x(7) and y(¢)

6f dx af dy
ox dt 6y dt

Example trivial solution multivariate
P (not always possible) chain rule
foy)=3x+y*  flny) =3x(0) + ¥ df
— =32t + 2y -1
x(t) = 12 =324+ (t—1)° dt
y(it)=t—1 E =41 — 2t + 1 =6r+2(t—1)
4 =8r—2 =38t—2
helpful when a dt

function is unknown!
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Backpropagation Through Time (BPTT)

L[ti(ﬁ)
EWy EWy W W,
h(O] 5 h!] Q hl-2] Q hlt—1] Q g Rl 5
O W, ) O Wi ) Wh9 O W, ) O W, ) O W,
O O O O o ’
D D D D D
W, W, W, W,
backpropagation over time steps
oL Lo oLl : :
_ 2 — t,t—1,...,0, summing gradients,
oW, = IW, |, a.k.a. backpropagation through

time (BPTT)
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Backpropagation Through Time (BPTT)

L[ti(ﬁ)
)A,E[t]
A 4 A A
W i i
hlo 5 h[l](i> ’ h[t_Z](i)Wy h[t_l]gi)wy NG wa
O W, ) O Wi ) W, ) O W, ) O W, ) O W,
O O O O o ’
D D D D D
backpropagation over time steps
oL Lo oLl : :
_ 2 > t,t—1,...,0, summing gradients,
oW, = IW, |, a.k.a. backpropagation through

time (BPTT)
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Backpropagation through time (BPTT)

L) L2)0) L)) L”i(@)
S\’h] 3\,22] 5\’;3] yh]
W, W, W, W,
h(0] O hil! O h!'? O hi3] O h'4 O
O W, 1O W, O W, O W, 1O
O O O O O
) @) D ) @
W, W, W, W,
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Backpropagation through time (BPTT)

LU6) L2(6) LBI©) L¥(o)
I < '
LO) = ), L1O)
A i N
W, W, W, W,
h(0] O hil! O h!'? O hi3] O h'4 O
O Wi 1O Wi 1O Wi 1O Wi 1O
O O O O O
() D D ) (m)
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Backpropagation through time (BPTT)

L“i(@) L[Zi(é’) L[31(9) L”}(@)
l < | i i
L) = — ) L") : ; g g
4 — gl §i2 §l3 §l4
Wy Wy Wy Wy
4 h(0] O hil! O h!'? O hi3] O h'4 O
aL p— Z 6L [t] Q Wh > Q Wh > Q Wh > Q Wh > Q
oW, oW, O O O O O
=1 (m) (m) (m) (m) (m)
W, W, W, W,
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Backpropagation through time (BPTT)

L“i(@) L[zi(é’) L[31(9) L”i(é’)
I ¢ '
L) = — ), L1®) ; e_ a s
4 — gl §i2 §l3 §l4
Wy Wy Wy Wy
0] hil! h!'? hi3] h'4
4 (1] h™ O O O O O
oW, oW, O O O O O
=1 (m) (m) (m) (m) (m)
W, W, W, W,

o] Lo oLl ay[t] ohltl  ohl4l
2 o911 ohll ohlkl  OW,
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Backpropagation through time (BPTT)

L“i(@) L[zi(é’) L[31(«9) L[t](e)
I ¢ '
L) = — ), L1®) ; e_ a s
4 — gl §i2 §l3 §l4
Wy Wy Wy Wy
4 h(0] O hil! O h!'? O hi3] O h'4 O
aL p— Z aL [t] Q Wh > Q Wh > Q Wh > Q Wh > O
oW, oW, O O O O O
=1 (m) (m) (m) (m) (m)
W, W, W, W,
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Backpropagation through time (BPTT)

L[li(H) L[zi(é’) L[31((9) L[4i(9)
- ' ' ' 5
L(0) = — L[t] 0 | |
O=ggre . :
W, W, W, W,
h(0] O hil! O h!?! O hi3] O h'4 O
oL 24: oLl 3 W, o W, 6 W, 1o W, |5
oW, oW, O O O O O
=1 () (m) (m) (m) (m)
oL & oL gl gnld  gplk | | | |
oW, ]; ayyh[k] - oW,
ohl] - ﬁ ohl/] | oh!4] - 4 ohll - oh!2!  ohB3!  Hhl4!
Shik 1 Shi-1 eg.iftr=4andk=1 o1~} : ohli-11 ~ ghill  ghl2l Shl3]
J= J=
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Vanishing (or exploding) gradients

L¥(0)
oL oLt oLt o2l Bl grl4l
= — + | | ;
oW, g; OW, oW, oW, oW, oW, + é sl
v
i Q B2l Q NE) Q h [
4] 4 Ar[4] Aold] 4] ko 1O Wi 1O Wi 10 Wi [
oL =26L .Oy .8h .(')h o o o O
OW, 40"l oh4l onlH oW, T @ @ @

let’s focus on this
component of the sum

oh!  on*  oh*  gh!*
~ Ohill ' 9hi2l ' ohi3 | ghi4
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Vanishing (or exploding) gradients

L'“(6)
oL & oLl oLl il LBl g4l
= — + | | ;
oW, g; OW, oW, oW, oW, oW, + é sl
W,
il Q h(2] Q NE) Q B4 O
4] 4 Ar[4] Aold] 4] ko 1O Wi 1O Wi 10 Wi [
oL =26L .Oy .8h .dh o o o O
OW, 40"l oh4l onlH oW, ® ® @ @

let’s focus on this
component of the sum

oh!  on*  oh*  gh!*
~ Ohill ' 9hi2l ' ohi3 | ghi4

recall

4 4 ; oh¥ 2o ohl/]
Z H ohl/! ohik H ohli-1]
X J=k+1
hli-1]
k=1 j=k+1 0
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Vanishing (or exploding) gradients

LI(6)
oL ool oLt o2l oLl oL
= = + | | |
oW, t=zl oW, ow, oW, oW, dJdW, 4 4 4 yf”
"
i O B2l Q NE) Q h [
41 4 714 Aol Anll anld 1O W 1O Wi O Wi 1O
oL =26L ody .(')h .Oh o o o o
oW, oyl4l  ohl4l  ohl«l oW, (m) (m) (m) (m)
=l + ? ? ?
/Iet’s focus on this 5 5 5 5
component of the sum
oh!  on*  oh*  gh!*
“onll " on2 ' ohBl | ohtl
recall
4 4 []] oh!4! _ 4 ohl]
o~ Z H oh Shik jzlgl Shi—1] aL[4] 8h[2] 6h[3] ah[4] ah[3] ah[4] ah[4]
ot o OBV OW, ~ ohlll ohi2l GhBl ' hi2l QhDBl " ohidl
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Vanishing (or exploding) gradients

L)
oL oL oLl g2l Bl g4l
= = + | | i
oW, g; oW, oW, oW, oW, oW, é é jio
W,
i O B2l Q NE) Q h [
41 4 a7 Aol Anldl Aplkl 1O Wi O Wi O Wi O
oL =26L o3 ol oh - - - -
oW, oyl4l  ohl4l  ghlkl  gW, (m) (m) (m) (m)
=l + ? ? ?
/Iet’s focus on this 5 5 5 5
component of the sum
oh!  on*  oh*  gh!*
X | | | what if these are
[1] [2] [3] [4]
oh oh oh on small (or large)?
recall \\\
4 4 []] oh!4! _ 4 ohl]
N Z H oh o = Ll 55 L4 Sh21 Shi31 ghi4l g3 ghl4! ghl4
. J=htl : X . . I . —|—
ot o OBV OW, ~ ohlll ohi2l GhBl ' hi2l QhDBl " ohidl
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Vanishing (or exploding) gradients

L“(6)
oL & oLl oLl il LBl g4l
= — + | | ;
oW, g; OW, oW, oW, oW, oW, é é sl
W,
il O h(2] Q NE) Q B4 O
4] 4 Ar[4] Aold] 4] ko 1O Wi 1O Wi 10 Wi [
oL =26L .Oy .(')h .dh o o o O
oW, — oyl4l  ohl4l  ohl«l oW, (m) CT) (m) (m)

let’s focus on this
component of the sum

ohlll ~ ohl2l = ghB31 = ghl4 gradient as we
small (or large)?

e
backpropagate!
recall
oh!4! 4 ohl] \\\

Oc i ﬁ ah[']] ohl#] =j=1;£ ohl/—-11 aL[4] ah[Z] ah[3] ah[4] | ah[3] ah[4] ah[4_]
k=1 j=k+1 oht/—" — oW, > oh!!] | oh!Z] | ohl3]  ghl2l ' oh!3] T oh!3]
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Vanishing (or exploding) gradients — Proof intuition

h'! = (W, -u' + W, - hl""! + b,

Paper: proceedings.mlr.press/v28/pascanul3.pdf COMPOO087 - Recurrent Neural Networks 26
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Vanishing (or exploding) gradients — Proof intuition

h'l = 6(W,-u"+ W, -hi""l 4+ b)) let’s ignore the activation function o

ohl?
ohl-11
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Vanishing (or exploding) gradients — Proof intuition

h'l = 6(W,-u"+ W, -hi""l 4+ b)) let’s ignore the activation function o
oh!
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Vanishing (or exploding) gradients — Proof intuition

h! = 6(W,-ul+ W, . hl=! 1+ p,) let’s ignore the activation function o
oh!’]
=W,
ohli—1 ,
let's now see what happens when we compute
ohl  onl" ohli—<—1l the partial derivative of hidden state h!”! w.r.t.
ohli—<l  ghli—1] ohli—¢] the hidden state & time steps before it i.e. hl=<
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¢ components
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Vanishing (or exploding) gradients — Proof intuition

h! = 6(W,-ul+ W, . hl=! 1+ p,) let’s ignore the activation function o
oh!’]
=W,
ohli—1 ,
let's now see what happens when we compute
ohl  onl" ohl'—=—1I W the partial derivative of hidden state h!”! w.r.t.
ohli—<l  ghli—1] ohli—¢] f the hidden state & time steps before it i.e. hl=<

¢ components

> If W, has eigenvalues < 1, gradients become exponentially smaller
as time steps & increase —> gradients will become 0, i.e. vanish
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Vanishing (or exploding) gradients — Proof intuition

h! = 6(W,-ul+ W, . hl=! 1+ p,) let’s ignore the activation function o
oh!’]
=W,
ohli—1 ,
let's now see what happens when we compute
ohl  onl" ohl'—=—1I W the partial derivative of hidden state h!”! w.r.t.
ohli—<l  ghli—1] ohli—¢] f the hidden state & time steps before it i.e. hl=<

& components

> If W, has eigenvalues < 1, gradients become exponentially smaller
as time steps & increase —> gradients will become 0, i.e. vanish

> If W, has eigenvalues > 1 = gradients will explode
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Vanishing (or exploding) gradients — Proof intuition

h! = 6(W,-ul+ W, . hl=! 1+ p,) let’s ignore the activation function o
oh!’]
=W,
ohli—1 ,
let's now see what happens when we compute
ohl  onl" ohl'—=—1I W the partial derivative of hidden state h!”! w.r.t.
ohli—<l  ghli—1] ohli—¢] f the hidden state & time steps before it i.e. hl=<

& components

> If W, has eigenvalues < 1, gradients become exponentially smaller
as time steps & increase —> gradients will become 0, i.e. vanish

> If W, has eigenvalues > 1 = gradients will explode

» Similar outcome when we re-introduce an activation function

Paper: proceedings.mlr.press/v28/pascanul3.pdf COMPOO087 - Recurrent Neural Networks
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Vanishing gradients are an issue because...

L[t—Z](e) L[f](e)
A A
y[t:—2] )A,Tt]
A A
Wy Wy
h!!! Q hl—2 hi—1 h!!
O O O
oW W0 W, 1O W, 1O
O O O O
(m) (m) (m) (m)
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Vanishing gradients are an issue because...

[1=2] (7]
L \ (0) L ?(9)
A[ti—2] Ai[t]
y y
4 4
Wy Wy
h!!! Q hl—2 hi—1 h!!
O O O
O O O O
(m) (m) (m) (m)

» Signal (gradient) from early states that are distant to the current
state is lost =—long-terms effects are not captured
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Vanishing gradients are an issue because...

[1—2] (7]
L , (0) L ?(9)
A[ti—2] Ai[t]
y y
4 4
Wy Wy
h!!! Q hl—2 hi—1 h!!
O O O
O O O O
(m) (m) (m) (m)

» Signal (gradient) from early states that are distant to the current
state is lost =—long-terms effects are not captured

> NB: Parameters will still be updated, but based on shorter-term
gradients that have not vanished.
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> This would possibly result in a poor parameter

setting from which we might not be able to

recover, especially while using large learning

steps
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An “easy”’ solution to exploding gradients — Gradient clipping

> |f the L2 norm of the gradient is greater than a threshold y, simply scale the
gradient down, i.e. clip it!

oL
1= %50
if ||q|| = y then
14
q=-——-q
lq]|
endif

> We are still taking a step in the same direction, albeit a smaller one

> We need to learn / set the threshold y; a good heuristic 0.5 to 10 times the
average norm of the gradient over a sufficient number of updates

COMPO0OO087 - Recurrent Neural Networks 29



Long Short-Term Memory (LSTM) — A better RNN

cm
> Simple RNNs fail to maintain information over many time steps as their _j é %
architecture does not have explicit components to do so N _@lgc é. "l

> Long Short-Term Memory (LSTM) is an update to the RNN architecture with the
aim of solving the problem of vanishing gradients

» The LSTM has a hidden state like the simple RNN, but also a “cell” state, both
being n-dimensional vectors

> The cell is designed to store more long-term information and acts like a memory
module — the LSTM can read, delete, and write information to the cell

» 3 new n-dimensional vectors control what is read, deleted, and written; however

their decisions are “probabilistic” € [0,1] for each of the n dimensions (nhot O or 1)
and are learned during optimisation

Paper: bioinf.jku.at/publications/older/2604.pdf COMPOQO087 - Recurrent Neural Networks 30
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Long Short-Term Memory (LSTM)

New content: similarly to simple RNN, there is an
. . input sequence ul'), ..., ul"! and there is a ¢!l = tanh(UC a4 WC chl=H 4 bc)
| | dependency to the previous hidden state hl*~1
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Long Short-Term Memory (LSTM)

New content: similarly to simple RNN, there is an
Input sequence u[l], e ul! and there is a
dependency to the previous hidden state ht—1]

Forget gate: what should be forgotten from the
previous cell state; 0 — 1 ~ forget — keep.

COMPO0OO087 - Recurrent Neural Networks

¢l = tanh(U, - u' + W_- W= 4+ p )

flr) = O-(Uf cul + W, bl bf)
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Long Short-Term Memory (LSTM)

New content: similarly to simple RNN, there is an
. . input sequence ul'), ..., ul"! and there is a ¢!l = tanh(UC a4 WC chl=H 4 bc)
i i dependency to the previous hidden state hl*~1

ull! Q ul? Q ul? O ul? O
O O O O Forget gate: what should be forgotten from the 1
O O O O get gate: L g flil — 0<Uf- ull + W, hi—1 + bf)
@ O @ ® previous cell state; 0 — 1 ~ forget — keep.
) t t
another brick in the

Input gate: what should be kept from the new o[t] __ gl CTlt—1]
PutES il = 6(U; - u + W, - W1 + b))
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Long Short-Term Memory (LSTM)
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" |dependency to the previous hidden state h
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Forget gate: what should be forgotten from the
“Iprevious cell state; 0 — 1 ~ forget — keep.
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Long Short-Term Memory (LSTM)
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" Output gate: what parts of the cell state will be

New content: similarly to simple RNN, there is an
| input sequence u[l], e ul! and there is a
" |dependency to the previous hidden state h

[t—1]

Forget gate: what should be forgotten from the
“Iprevious cell state; 0 — 1 ~ forget — keep.

~lcontent?

passed on to the hidden state
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Long Short-Term Memory (LSTM)

h!4
.

_---->C[f] New content: similarly to simple RNN, there is an |
: : | input sequence ulll ... ul’ and there is a ém = tanh(UC - ll[t] + WC . h[t_ | + bc)

i i dependency to the previous hidden state hl*~1
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ul! ul?) ul3)
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8 8 8 8 | Forget gate: what should be forgotten from the f[t] — 0<Uf . u[t] 4 Wf . h[t—l] 4 bf)
@ ® @ @) “|previous cell state; 0 — 1 ~ forget — keep.
1 1 ! b
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"« Input gate: what should be kept from the new i[t] — G(U- . u[t] +W..- h[t—l] 4 b-)
~|content? : ! :

RS <" - 1" 0 <+ il o &

N Output gate: what parts of the cell state will be [1] — gl . h[t—l]
“1passed on to the hidden state 0 O-(UO us WO T bO)

“«| Hidden state: maintains the part of the cell state h[t] — O[t] ® tanh ( C[t])
that will pass from the output gate
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that will pass from the output gate
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Long Short-Term Memory (LSTM)

independent from each other
could be computed in parallel

: tanh(U, -ull+ W_- h""! + b )
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Long Short-Term Memory (LSTM)

Bl independent from each other
could be computed in parallel

New content: similarly to simple RNN, there is an
| input sequence u[l], ...,um and there is a é[t] = tanh(UC . ll[t] + WC . h[t_l] + bc)

dependency to the previous hidden state h!—1]
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given the sigmoid activation (o)
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“«| Hidden state: maintains the part of the cell state h[t] — O[t] ® tanh ( C[t])
that will pass from the output gate

If ull € R™ how many parameters?
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Long Short-Term Memory (LSTM)

Bl independent from each other
could be computed in parallel
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The LSTM (confusing/artistic) schematic

hl—1]

element-wise
operation

(0} 0} tanh O

COMPO0OO087 - Recurrent Neural Networks

h[t+1]

\I

u[t+1]

More: colah.github.io/posts/2015-08-Understanding-LSTMs/
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The LSTM (confusing/artistic) schematic

¢l = tanh(U, - ul" + W_- W= + b )
[ — gl . pl-1]
" i = o( Uy ul + W, - b~ 4 by )
il = ¢(U; - u"+ W, - W=l + b))
(P
c C (1] — ¢li] (=11 4 ;1] o @l
c'=f"oc""+i"Oc
Ctanh>
o’ [ — 5(U -ud+ W -h*=14+b
1] X ol =o(U, - ul + W, +b,)
10| I
1 C 7]
O (0] tanh 0] h h[t] — O[t] 0 tanh( c[t])
hi—1 h!’]
ul’!
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The LSTM (confusing/artistic) schematic

¢l = tanh(U, - ul" + W_- W= + b )
. flrl = a(Uf cull + W, - hi=11 4 bf)
il = ¢(U; - u"+ W, - W=l + b))
1
_ C
forget gate cl-1 (X) (+ cl! clfl = fl1l o el-11 4§l o gl
~~~~~~~~~~~~~~~~~~~~~ Ctanh>

_________________________________ o ol = (U, -ull + W, - hi=11 4+ b)

....... '""f[t] - g @ _ 0 0 0

1 C[t] h[t]
(0] (0] tanh O h[t] — O[t] 0 tanh(c[’])
h[t—l h[f]
ul’!
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The LSTM (confusing/artistic) schematic

¢l = tanh(U, - ul" + W_- W= + b )
lt] — . gl . pl—11
" i = o( Uy ul + W, - b~ 4 by )
il = ¢(U; - u"+ W, - hl""1 + b))
7]
_ C
...................................... o N [1] [1] [t—1]
""""""""" »f[t] . g @ 0 — O-(Uo U+ Wo ) h + bo)
input gate [T L it e h!"
(0] (0] tanh O h[t] — O[t] 0 tanh(c[’])
hi—1 h!’]
u'’
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The LSTM (confusing/artistic) schematic
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The LSTM (confusing/artistic) schematic

cell state
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The LSTM (confusing/artistic) schematic

¢l = tanh(U, - ul" + W_- W= + b )

cell state

flr) = a(Uf cull + W, - hi=11 4 bf)

il = ¢(U; - u"+ W, - W=l + b))

forget gate| - cl’ el — 1 @ el-11 4§11 @ gl
_______________________________ olfl = O-(UO calt! W, - hi-1 4 bo)
input gate [T
h! = ol © tanh(c!")
h!/

new cell content

output gate

hidden state
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The LSTM (confusing/artistic) schematic

cell state

output gate

hidden state

¢l = tanh(U, - ul" + W_- W= + b )
flr) = a(Uf cull + W, - hi=11 4 bf)
il = ¢(U; - u"+ W, - W=l + b))

v, cll — £ @ =11 1§11 @ gl

ol =¢(U,-u"+ W, -hl=l4+p )

h! = ol ® tanh(c!")

key takeaway: the
current cell state, ¢,, and
the previous cell state
C,_; are being added
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LSTM resolves the vanishing gradient issue

LSTM: If the forget gate value is set to fl[t] = | for a cell dimension i and the

corresponding input gate value ilm = (), then the cell value from the previous time

1]

step, cl[.t_ _is maintained intact

Simple RNN: much harder to maintain previous state information given at least an
entire row of the recurrent matrix W, should be set to 1 which in turn will

invalidate the entire RNN rationale: h][.t] x W,[j,:]-hi=1

Depends on the task, but say an RNN can model ~10 time steps accurately, then
an LSTM can probably capture ~100 time steps

COMPO0OO087 - Recurrent Neural Networks

cUJ
i ol M
[
i il é&() 1
i

LSTM can preserve information over many time steps using its gates _i@
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Text generation with RNNSs

Source: trekhleb.dev/machine-learning-experiments/#/

experiments/RecipeGenerationRNN ReCipe RNN LM OUtPUt

Name: Fish and chips with Broccoli and Salad of Creamy Thyme Broth

Ingredients:

e 1 cup frozen peas, thawed

e 1/4 cup chopped fresh cilantro leaves

e 1 tablespoon finely chopped fresh dill

e 1/2 cup sugar

e 1/2 cup corn tortillas

e 1 cup shredded smoked mozzarella or parmesan cheese
e 1/2 cup white wine

e 1 cup chicken broth

e Salt and pepper

Input: “Fish and chips”

Instructions: Season salad with salt and pepper. In a large saute pan over
medium-high heat, cook poblano pepper for 1 minute. Add broccoli rabe,
spring onions, thyme, and bay leaves and sprinkle with salt and pepper to
taste. Cook until vegetables are soft, about 10 minutes. Add the spinach and
stir until completely melted. Add sugar and simmer until sauce thickens,
about 1 minute. Remove from heat and stir in lemon juice. Serve with
steamed roasted garlic bread.
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Text generation with RNNs — Trends captured by LSTM cells

Certain LSTM cells “learn” to have larger values...

N RSSO RS RIERNcIoisis i nig o' the Berezina lies in the fagct
|on1l.m|n‘ vl @ :I.ndubitably proved the fallacy of all the plans for
i e e‘}’i_‘_‘_ly S retreat and the soundness of the only possible
the general mass of the army
the enemy up. The French crowd fled

. ANt ?_ _,:le_increasing speed and all its energy was directed to
towvzuqisij1ewernj(jfclInqef fé&éiiig ;Qw_%ﬁ-ﬁg It fled like a wounded animal and it was impossible
EloRNbrloIcikY 1 €S 3iﬂmﬂl‘his was shown not so much by the arrangements it
made for crossing as by what took place at the bridges. When the bri
Nk iown, nan|uU soldiers, people from Moscow and women with children
were with th EsnichE I ansiploit,all --carried on by vis inertiae--
ssed n@mglrd into boats and into the ice-covered water and did not}

TIF_SIGPENDING) ;

inside if statements

Source: karpathy.github.io/2015/05/21/rnn-effectiveness/
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Text generation with RNNs — Trends captured by LSTM cells

Certain LSTM cells “learn” to have larger values...

ef CONFIG_AUDITSYSCALL
ic inline intPaudit_match_class_bits(int class, u32 *mask)

when the code expression’s
depth increases

o)

. /
Sf‘> sm_str, GFPEKERNEINN

3;; shed)

(void

inside comments or
double quotes

=T
()
o

o
=

= ;
hrn_

Source: karpathy.github.io/2015/05/21/rnn-effectiveness/
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RNN applications — Sequence tagging

noun noun verb determiner adjective noun
e.g. tasks like part-of- [ [ l [ [ ]
speech (POS) tagging o ® o P P P
and named entity O | @ | @ | @ | @ @
i O O O O O O
recognition (NER) o o o ° o <
Windows Me was a great failure
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RNN applications — Sentence encoding

negative

combine all hidden
states (element-
wise mean or max)

0000 —>

e.g. text / sentence,
sentiment classification

O
—)‘
O

.

A
A

—> 0000
—> Q0000

T T

great failure

v — 0000

Windows e Was
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RNN applications — Encoding units in larger architectures

Yes with Jim Gordon, and arguably

Response: — |ith Rita Coolidge as well.
R4 L
other NN
units
.
O O O O O O O O
O a O a O a O a O a O a O a O
O O O O O O O O
O O O O O O O O
Did Eric Clapton write the song Layla ?
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Bidirectional RN Ns

O O O O O O
O O O O O O
O O O O O O
O O O O O O
O O O O O O
O O O O O O
O O O O O O
O O O O O O
O O O O O O
(( )) ‘ ‘ ‘ ‘ ‘ ‘
O O O O O O
O O O O O O
(({ ) O O O O O O
forward” RNN o o o o o o
O O O O O O
Windows Me was a great failure
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Bidirectional RN Ns

O O O O O O
. O O O O O O
| Hidden statg 4 4 4 4 4 4
Via concatenation O O O O O O
has context from 8 8 8 8 8 8
both directions O O O O O O
O O O O O O
O O O O O O
(¢ )} ‘ ‘ ‘ ‘ ‘ ‘
O O O O O O
O O O O O O
(¢ )) O O O O O O
forward” RNN o o o o o o
O O O O O O
Windows Me was a great failure
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Bidirectional RN Ns

“great” product vs. “great” failure

f N
O O O O O O
. O O O O O O
| Hidden statg 4 4 4 4 4 4
Via concatenation O O O O O O
has context from 8 8 8 8 8 8
both directions O O O O O O
O O O O O O
O O O O O O
(¢ )} ’ ’ ’ ’ ’ ’
O O O O O O
O O O O O O
(¢ )) O O O O O O
forward” RNN o o o o o o
O O O O O O
Windows Me was a great failure
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Bidirectional RN Ns

hidden state of the
bidirectional RNN

O O O O O O
Hidden state : : : : : : i ]
via concatenation |@ O O O O ® T h[t] — T;[t] . (E[t]
has context from 8 8 8 8 8 8 I ’ ]
both directions 3 o o o o O
Q\_ Q\_ Q\_ Q\_ Q\_ 9\_
O O O O O O
<«— €«
O O O O O O
“backward” RNN O O O O O O h [7] — RNNB < h [H_l], u[t]>
O O O O O @
O O O O O O
: — —
‘forward” RNN |5 5 5 5 5 5 .~ h!1=RNN, ( h!"~1 gl
O O O O O O - £ ’
Windows Me was a great failure dlff.erent
weights
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Bidirectional RN Ns

bidirectional arrow convention

-
-
-
-
-
-
"
-

O O O O O O

® O O O O O

Hidd tate of th @ O O O O O
idden state of the ® : @ ® ® o ®
bidirectional RNN O O O O O O
O O O O O O
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Bidirectional RN Ns

» Bidirectional RNNs are very effective in
sequence classification

» They requires access to the entire sequence,
l.e. not necessarily great for language models
(text generators)
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Stacked (multi-layer) RNNSs
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Stacked (multi-layer) RNNSs
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Next lecture with me

» Monday, March 18 (last week)

» Self-invited “guest” lecture on “Modelling infectious disease
prevalence using web search activity”
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