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. . Bengio et al, “Learning long-term dependencies with gradient descent
a n I a ra I e n OW is difficult”, IEEE Transactions on Neural Networks, 1994

Pascanu et al, “On the difficulty of training recurrent neural networks”,

Yy
4 )
W = i+ W
he—1
= tanh | (W, W
h _— _ ht an (( hh hm) ( Ty ))

t-1
- 1{ 7 = tanh (W (ht_1)>
X .

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 10 - 103 May 7, 2020
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. . Bengio et al, “Learning long-term dependencies with gradient descent
Va n I I | a R N N G rad I e nt F I OW is difficult”, IEEE Transactions on Neural Networks, 1994
Pascanu et al, “On the difficulty of training recurrent neural networks”,
ICML 2013

Backpropagation from h,
to h, multlphes by W yt

(actuaIIyW D)
\
?—b anh ht = taﬂh(Whhht_l —+ Wmhxt)
ht—1
= tanh | (W W
ht-1"'— = stack T__" ht o <( h}; hm) ( Lt ))

N —aan (w ("))

X, ’5

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 10 - 104 May 7, 2020



. . Bengio et al, “Learning long-term dependencies with gradient descent
a n I a ra I e n OW is difficult”, IEEE Transactions on Neural Networks, 1994
Pascanu et al, “On the difficulty of training recurrent neural networks”,

ICML 2013

Backpropagation from h,

tgcrlualr;;u&pne;s yw y
N | he = tanh(Winhs_1 + Wans)
h <—= sjfk T__r h, ~ tanh <(Whh Wis) (hzl))
- | g — tanh (W (h;j))
& bR B RS AR RERE
3?;%1 =[tanh’(Whnhi—1 + Wan i )lWhh

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 10 - 105 May 7, 2020




Vanilla RNN Gradient Flow

Yi Y,

Bengio et al, “Learning long-term dependencies with gradient descent
is difficult”, IEEE Transactions on Neural Networks, 1994

Pascanu et al, “On the difficulty of training recurrent neural networks”,
ICML 2013

Y3

W—( )= tanh ‘

H 1

al

W—( )= tanh ‘

1_

v
0
w
lkl
0 <—
a1
[w]
>
It
o
I

h0 <———* stack > h1 T stack > h2 > stack
L ! L ! L ! \ !

| | | |

X4 %2 X3 X4

Fei-Fei Li, Ranjay Krishna, Danfei Xu

Lecture 10 - 106

May 7, 2020




. . Bengio et al, “Learning long-term dependencies with gradient descent
a n I a ra I e n OW is difficult”, IEEE Transactions on Neural Networks, 1994

Pascanu et al, “On the difficulty of training recurrent neural networks”,
Gradients over multiple time steps:

ICML 2013

e s e
Qz tanh H W—FOZ tanh ‘ W_'O-_—h tanh ‘ W—( )= tanh H
h A T h A W — d W “ 1 h ; L h
—T ™ stack > ™ stack ot > stack » > stack >
0 <+ 1 = 2 = 3 - — 4
— — — —
X, X, X3 X4

0L  ~~T OL;
ow Zt:l 51%%

OLr _ 0Ly Ol Oh1 | EFHATE, LR EEXANRESENIES—IR,

OW ~— Ohp Ohy, ' OW | BEX—INEERE—EEMANAIR,

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 10 - 107 May 7, 2020



. . Bengio et al, “Learning long-term dependencies with gradient descent
a n I a ra I e n OW is difficult”, IEEE Transactions on Neural Networks, 1994

Pascanu et al, “On the difficulty of training recurrent neural networks”,
Gradients over multiple time steps:

ICML 2013
Y Y Y3
s s r
Z tanh H W—*Oz tanh N W—*O: tanh ‘ W—" Z tanh ‘
i i 1 i 1 - | L
> h > stack » h. - > stack > h. = > stack

X,I Xz )(3 X4

0L  ~~T OL;
ow Zt:l 51%%

OLy  OLp OMh Ohq OL7 (HT Oh, )6}11
OW  Ohp Ohyy T OW T Ahy

|‘F L e

=0

h, =—" stack T

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 10 - 108 May 7, 2020




. . Bengio et al, “Learning long-term dependencies with gradient descent
a n I a ra I e n OW is difficult”, IEEE Transactions on Neural Networks, 1994

Pascanu et al, “On the difficulty of training recurrent neural networks”,
Gradients over multiple time steps:

ICML 2013
y1 y2 y3
e e e
Qz tanh H W—hOZ tanh I W—bO: tanh ‘ W—( )= tanh ‘
H al AL :

h0 " stack T h1 > > stack T h2 <~ stack 1 P h3 <" stack ‘ —> h4
o |T J/ L I J b I J h T| _4
X,I X2 X3 X4

oL T 0Ly oh
ow = 21 5w [gay = 1 (Winhet + Wonze) W

oLy 8Ly Oh: ohy 0Ly W oh, )6h1
ow Ohp Ohi—y =~~~ OW Ohr t=2 Oh;_ 1/ OW

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 10 - 109 May 7, 2020
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. . Bengio et al, “Learning long-term dependencies with gradient descent
a n I a ra I e n OW is difficult”, IEEE Transactions on Neural Networks, 1994

Pascanu et al, “On the difficulty of training recurrent neural networks”,
Gradients over multiple time steps:

ICML 2013
Y Y Y3
- - -
< tanh H W—( )= tanh ‘ W—( )= tanh ‘ W—( )= tanh ‘
H otk ot l

|‘F L e

B T = 1 > B — W > _—
h0 = stack h | stack h2 > stack h3 > stack ‘ h4
L ! L f L f 1
I I I I
X,I Xz X3 X 4

oL ZT OL; Almost always < 1
oW — 4L<t=1 gw Vanishing gradients

L= 22 (11 _1 0k
3WT - aT;(th tanh' (Whphe—1 + Wapa )W, 225

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 10 - 110 May 7, 2020




Vanilla RNN Gradient Flow

Gradients over multiple time steps:

Bengio et al, “Learning long-term dependencies with gradient descent
is difficult”, IEEE Transactions on Neural Networks, 1994

Pascanu et al, “On the difficulty of training recurrent neural networks”,
ICML 2013

Y Y Y3
e s e

Z tanh H W—*Oz tanh N W—*O: tanh ‘ W—" Z tanh H
h A T h ' W h d W “ 1 h ; L h

—T ™ stack > ™ stack ot > stack » > stack >
O 1« 2 = 3« — 4

— N— N— N
X1 Xz )(3 X4

oL _ ZT 0Lt \What if we assumed no non-linearity?
OW t=1

ow

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 10 - 111 May 7, 2020




. . Bengio et al, “Learning long-term dependencies with gradient descent
a n I a ra I e n OW is difficult”, IEEE Transactions on Neural Networks, 1994

Pascanu et al, “On the difficulty of training recurrent neural networks”,
Gradients over multiple time steps:

ICML 2013
Y Y Y3
- - -
< tanh H W—( )= tanh ‘ W—( )= tanh ‘ W—( )= tanh ‘
H otk ot l

h, =—" stack T

|‘F L e

=0

R e S i
X4 X, X, X,
What if we assumed no non-linearity?
OL _ T Ok | |
oW t=1 oW Largest singular value > 1:

Exploding gradients

Gﬁ _ 0Ly WT—l Ohy _
OW — Ohp| in | W Largest singular value < 1:
Vanishing gradients

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 10 - 112 May 7, 2020
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= KAGHHICI AR R 2

= Long Short-Term Memory

= Hochreiter and Schmidhuber (1997).
Long Short Term Memory, Neural
Computation.




Vanilla RNN

ht = tanh (W (
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1 o
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g tanh

cc=f[0c-1+i0g
ht = 0 ® tanh(c;)
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Example:
Character-level
Language Model

Vocabulary:

[h.e,l,0]

Example training 1 0 0 0

sequence. input layer g (1) (1) ?

“hello” 0 0 0 0
input chars: “h” = | 1

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 10 - 40 May 7, 2020

#HElkBhttp://cs231n.stanford.edu/



Example:
Character-level
Language Model

hi = tanh(Whphi—1 + Wenzt)

VocabUIary. hidden layer .(()):?] > (1)2 > _(())15 W—hrl '83

[h,e,l,o] 0.9 0.1 0.3 0.7
" T we

Example training 1 : - -

sequence. input layer 8 (1) (1) (1)

“hello” 0 0 0 0

input chars: “h” “e” I i i

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 10 - 41 May 7, 2020




target chars: ‘e’ iLiG ¥ i ‘0"
Example: 1.0 05 0.1 0.2
Character-level output layer | %2 o " £
Language MOdel 4.1 1.2 -1.1 2.2
I R R
VocabUIary. hidden layer .(()):: > :)g > _(())15 W—hr; '83
[h,e,l,o] 0.9 0.1 -0.3 0.7
Example trainin T T T TW'Xh
P g i 0 0 0
sequence. input layer 8 (1) (1) (1)
“hello” 0 0 0 0
input chars: “h” “e” I i i

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 10 - 42 May 7, 2020



Example: Sample ¢

Character-level 5

Language Model Softmax | a0

Sampling | i

output layer _‘,23%

4.1

Vocabulary: 1
[h,e,I,O] hidden layer .%3; E—

0.9

At test-time sample T

characters one at a time, input ayer é

feed back to model o

input chars:

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 10 - 43 May 7, 2020




Example:
Character-level
Language Model
Sampling

Vocabulary:
[h,e,l,0]

At test-time sample
characters one at a time,
feed back to model

Fei-Fei Li, Ranjay Krishna, Danfei Xu

iie:\
Sample !

Softmax .00

output layer

0.3
hidden layer | -0.1
0.9
il 0
; 0 1
tl
input layer 0 0
0 0
input chars: “h” \’"e”

Lecture 10 - 44

May 7, 2020




Example:
Character-level
Language Model
Sampling

Vocabulary:
[h,e,l,0]

At test-time sample
characters one at a time,
feed back to model

Fei-Fei Li, Ranjay Krishna, Danfei Xu

Sample

Softmax

output layer

hidden layer

input layer

input chars:

3
.03 .25
.84 .20
.00 .50
A3 .05
1 f
1.0 0.5
2.2 0.3
-3.0 1.0
4.1 1.2
I A
0.3 1.0
-0.1 = 0.3
0.9 0.1
T 4
1 0
0 1
0 0
0 0
llh!! lle!!

Lecture 10 - 45

May 7, 2020




Exam P le: Sample ;;\ TI[\ :/\ ?

Character-level o || [2s]| [
Softmax .84 .20 A7 .02
Language Model 4 || s || | 7

1 i 1 t

Sampling = ! ol o
output layer | 2:2 0.3 0.5 -1.5
at 12| | | 22

Vocabulary: T * { v
[h,e,I,O] hidden layer .E)E - z‘,g - _%15 W—hrl }?g’
; 0.1 -0.3 0.7

At test-time sample I B
characters one at a time, noutiaver | 0 ] 0 :

0

feed back to model 0 \,‘ 0 \;‘v U
input chars: “h” ‘" " ap

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 10 - 46 May 7, 2020




