
·︺¨﹇ ¾\﹐³﹁ «}1﹋
¿?0`1﹁ gÃ\aC ċ¿i]°¼﹞ ¶]﹊l±0\

®0a¼G ¶1﹍l±0\

http://courses.fouladi.ir/deep

Recurrent Neural Networks (RNN)







﹅Â¬︻ ¾aÂ﹎\1Ã

¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m
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1½ ·©1>±\

SEQUENCES

·©1>±\ č]±`0\ ¿﹍Fh?0² ¿¨>﹇ ¾1½ ¶\0\ ·? ¾]︺? ¾1½ ¶\0\Ċ

čĈ]Ã2 ¿﹞ Ø0]︺? ¾cÂS ·S ·﹊°Ã0 ¿°Â? kÂC ½[ف

 ¾1½ ·﹊G ¯F﹁a﹎ a|± `\ ⇐ 
 aF¬﹋ aF﹞0`1C \0]︺G Đ aG ¶\1i ¾b1i ل]﹞ Đ¶0³Z©\ ³لy ·? «Â¬︺G ®1﹊﹞0

 <1﹇ ﹉Ã ċ¶0³Z©\ ³لy ¾1O ·? Ø﹐³¬︺﹞(frame)  ³لy ·?T \³m ¿﹞ ·Fm0\a?č

Ref: https://uvadlc.github.io/
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SEQUENCES

1½ ¿﹎eÃ²

o ċ·©1>±\ ﹉Ã ﹏[0\ ¾1½ ¶\0\iid ]°FhÂ±Ċ
o]°FhÂ± ®1h﹊Ã ︹Ãb³G ¾0`0\ ² ﹏﹆Fh﹞ ¿°︺ÃĊ

o¾]︺? ¾ ·¬¨﹋ ·? ·Fh?0² ċ ¿¨>﹇ ¾1½ ·¬¨﹋Ei0Ċ
oEi0 ·Fh?0² ¿¨>﹇ ¾1½ ·¬¨﹋ ¾ ·¬½ ·? ċ2ل ¶]Ã0 D`³q ·?Ċ

o ]°﹞b1Â± ·©1>±\ ﹏Â¨VG ¾0a?®³¬t﹞ (context)  cÂ± ²·|﹁1W (memory) «ÂFh½Ċ

Ref: https://uvadlc.github.io/
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·|﹁1W ² ®³¬t﹞ ®\a﹋ ل]﹞

MODELLING CONTEXT AND MEMORY

1J﹞Ě۱  b0۲ęل 

Ĉ]m1? ]Ã1? ª0]﹋ ¾]︺? ¾ ·¬¨﹋

I am Bond, James  

McGuire
Bond
tired
am
!

Ref: https://uvadlc.github.io/
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·|﹁1W ² ®³¬t﹞ ®\a﹋ ل]﹞

MODELLING CONTEXT AND MEMORY

1J﹞Ě۲  b0۲ęل 

I am Bond, James  Bond

McGuire
Bond
tired
am
!

Ref: https://uvadlc.github.io/
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·|﹁1W ² ®³¬t﹞ ®\a﹋ ل]﹞

ONE-HOT VECTORS

﹉G ¾1½`0\a?�\0غ

≡ one-hot vector

I
am

Bond
James

tired
,

McGuire
!

 `0]﹆﹞ ﹉Ã b0 aÂ︾ ċEi0 a﹀q ®2 aq1°︻ ¾ ·¬½ ·﹋ ¾`0\a?1 ®2 0¾ ?︺[ ﹁︺1لa?
�?1J﹞ ¾0a? č a﹎0۱۲  ċ«Âm1? ·Fm0\ ·©1>±\ ﹉Ã `\ ·¬¨﹋۱۲ ﹉G `0\aلEm0\ «Â½0³[ 0غ\Ċ

Vocabulary One-Hot Vectors

I
am

Bond
James

tired
,

McGuire
!

1
0
0
0
0
0
0
0

I
am

Bond
James

tired
,

McGuire
!

0
1
0
0
0
0
0
0

I
am

Bond
James

tired
,

McGuire
!

0
0
1
0
0
0
0
0

I
am

Bond
James

tired
,

McGuire
!

0
0
0
1
0
0
0
0

I
am

Bond
James

tired
,

McGuire
!

0
0
0
0
1
0
0
0

﹉G ¾1½`0\a? \1NÃ0 b0 gC� ¾b1i1O j²` ﹉Ã ċ0غ\Ě ﹏J﹞Word2Vec  1ÃGloVE ę\³m ¿﹞ 0︻¬1لĊ

Ref: https://uvadlc.github.io/
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®1?b ل]﹞

LANGUAGE MODEL

1½\a?`1﹋č

®1?b ل]﹞
Language Model

]°﹋ ¿﹞ ®1Â? 0` ®1?b ®2 D1¬¨﹋ b0 ·©1>±\ a½ 1ل¬FW0 ®1?b ل]﹞Ċ

D1¬¨﹋ ¿½\ =ÂGaG
Word Ordering

D1¬¨﹋ k°Ãc﹎
Word Choice

p(the cat is small) > p(small the is cat)
¿°Âm1﹞ ¾ ·¬OaG `\ ¶\1﹀Fi0 \`³﹞

p(walking home after school) > p(walking house after school)
p(he likes apple) > p(he licks apple)

 `1F﹀﹎ ¿i1°mb1? `\ ¶\1﹀Fi0 \`³﹞ ď`1F﹀﹎ ]Â©³G
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·|﹁1W ² ®³¬t﹞ ®\a﹋ ل]﹞

MEMORY

·|﹁1W

 ¿±1﹞b ª1﹎ `\ D1︻﹑y0  aF﹞0`1C b0 ¶\1﹀Fi0 1?  ¾ ·F﹀¼± ¾1t﹁ ﹉Ã ¾²` a? \³m ¿﹞ ¶]°﹊﹁0Ċ

Ei0 ·Fm_﹎ ¿Ã1¬±b1? ċ·|﹁1WĊ

 ¾ ·|V© b0 ċ¶]m ¶]°﹊﹁0 D1︻﹑y0 b0  ¾ ·|V© `\ \³m ¿﹞ \]N﹞ ¾ ¶\1﹀Fi0č

 ¿Fl﹎b1? aF﹞0`1C \³m ¿﹞ ·Fm0_﹎ 0کaFm0 ·? ¿±1﹞b ¾1½ ª1﹎ ª1¬G ¾0a?č

Ref: https://uvadlc.github.io/
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·|﹁1W ² ®³¬t﹞ ®\a﹋ ل]﹞

MEMORY AS A GRAPH

﹝[ل ﹋0a﹎ ﹉Ã =©1﹇ `\ ·|﹁1W ®\aف

ÃaG ¶\1i¯ ﹝[ل

Output

ty

Input

tx

Memory

tc

Output Parameters

V

Input Parameters

U

Memory Parameters

W

Ref: https://uvadlc.github.io/
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·|﹁1W ² ®³¬t﹞ ®\a﹋ ل]﹞

MEMORY AS A GRAPH

﹝[ل ﹋0a﹎ ﹉Ã =©1﹇ `\ ·|﹁1W ®\aف

ÃaG ¶\1i¯ ﹝[ل

Output

ty

Input

tx

Memory

tc

Output Parameters

V

Input Parameters

U

Memory Parameters

W

Output

1+ ty

Input

1+ tx

Memory

1+t c

 

V

 

U

 

W

Ref: https://uvadlc.github.io/
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·|﹁1W ² ®³¬t﹞ ®\a﹋ ل]﹞

MEMORY AS A GRAPH

﹝[ل ﹋0a﹎ ﹉Ã =©1﹇ `\ ·|﹁1W ®\aف

ÃaG ¶\1i¯ ﹝[ل

Output

ty

Input

tx

Memory

tc

Output Parameters

V

Input Parameters

U

Memory Parameters

W

Output

1+ ty

Input

1+ tx

Memory

1+t c

 

V

 

U

 

W

Output

2+ ty

Input

2+ tx

Memory

2+t c

 

V

 

U

 

W

Ref: https://uvadlc.github.io/
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·|﹁1W ² ®³¬t﹞ ®\a﹋ ل]﹞

FOLDING THE MEMORY

·|﹁1W ®\a﹋ 1G

 ¶]m b1? ¾ ·﹊>m ď¶]l± 1G
Unrolled / Unfolded Network

¶]m 1G ¾ ·﹊>m
Folded Network

Ref: https://uvadlc.github.io/



16 ىادگىری عمىق
P

re
p

a
re

d
 b

y
 K

a
z

im
 F

o
u

la
d

i  
 |

  
 S

p
ri

n
g

 2
0

2
1

  
 |

  
 2

n
d

E
d

it
io

n

¿Fl﹎b1? ¿>p︻ ¾ ·﹊>m

RECURRENT NEURAL NETWORK (RNN)

\³m ¿﹞ ︿Ãa︺G ·©\1︺﹞ ²\ b0 ¶\1﹀Fi0 1? ċ¿Fl﹎b1? ¿>p︻ ¾ ·﹊>mč

Ref: https://uvadlc.github.io/



17 ىادگىری عمىق
P

re
p

a
re

d
 b

y
 K

a
z

im
 F

o
u

la
d

i  
 |

  
 S

p
ri

n
g

 2
0

2
1

  
 |

  
 2

n
d

E
d

it
io

n

¿Fl﹎b1? ¿>p︻ ¾ ·﹊>m

RECURRENT NEURAL NETWORK (RNN)

﹝1Jل

o Vocabulary of 5 words
o A memory of 3 units [Hyperparameter that we choose like layer size]

o ct: [3 × 1], W: [3 × 3]
o An input projection of 3 dimensions

o U: [3 × 5]
o An output projections of 10 dimensions

o V: [10 × 3]

Ref: https://uvadlc.github.io/
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¿Fl﹎b1? ¿>p︻ ¾ ·﹊>m

ROLLED NETWORK VS. MULTI-LAYER NETWORK

·Ã﹐]°S ¾ ·﹊>m 1? ¶]m ·Fh? ¾ ·﹊>m ¾ ·hÃ1﹆﹞

3-gram unrolled recurrent network 3-layer neural network

1½ D²1﹀Gč
o]°°﹋ ¿﹞ ¾b1? k﹆± 1½ ·Ã﹐ ¾1O ·? 1½ ª1﹎ ċ¶]m ·Fh? ¾ ·﹊>m `\Ċ
o0 D²1﹀F﹞ 1½aF﹞0`1C ċ·Ã﹐]°S ¾ ·﹊>m `\ ·﹋ ¿©1W `\ ĎEi0 کaFl﹞ ª1﹎ ¾1½aF﹞0`1C ċ¶]m ·Fh? ¾ ·﹊>m `\EiĊ

Ref: https://uvadlc.github.io/
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¿Fl﹎b1? ¿>p︻ ¾ ·﹊>m

ROLLED NETWORK VS. MULTI-LAYER NETWORK

·Ã﹐]°S ¾ ·﹊>m 1? ¶]m ·Fh? ¾ ·﹊>m ¾ ·hÃ1﹆﹞

3-gram unrolled recurrent network 3-layer neural network

ċ]°FhÂ± b1Â± \`³﹞ ¿±1Â﹞ ¾1½ ¿O²a[ ¿½1﹎
«Âi` ¿﹞ ¿>p︻ ¾ ·﹊>m \`0]±1Fi0 ل]﹞ ﹉Ã ·? Ø1>Ãa﹆G 1¼±2 ف_W 1?č

Ref: https://uvadlc.github.io/

1½ D²1﹀Gč
o]°°﹋ ¿﹞ ¾b1? k﹆± 1½ ·Ã﹐ ¾1O ·? 1½ ª1﹎ ċ¶]m ·Fh? ¾ ·﹊>m `\Ċ
o0 D²1﹀F﹞ 1½aF﹞0`1C ċ·Ã﹐]°S ¾ ·﹊>m `\ ·﹋ ¿©1W `\ ĎEi0 کaFl﹞ ª1﹎ ¾1½aF﹞0`1C ċ¶]m ·Fh? ¾ ·﹊>m `\EiĊ
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m b0 ¶\1﹀Fi0 1? 1½ ·©1>±\ jb0\aC

RECURRENT NEURAL NETWORKS: PROCESS SEQUENCES

`0\a? ﹉Ã ·? `0\a? ﹉Ã

Ref: http://cs231n.stanford.edu/

¶\1i ¿>p︻ ¾1½ ·﹊>mč
`0\a? ﹉Ã ·? `0\a? ﹉Ã
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m b0 ¶\1﹀Fi0 1? 1½ ·©1>±\ jb0\aC
`0\a? ]°S ·? `0\a? ﹉Ã

Ref: http://cs231n.stanford.edu/

]°±1﹞ čaÃ²1pG ¾`0_﹎ ®0³°︻
 aÃ³pG← D1¬¨﹋ ¾ ·©1>±\
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m b0 ¶\1﹀Fi0 1? 1½ ·©1>±\ jb0\aC
`0\a? ﹉Ã ·? `0\a? ]°S

Ref: http://cs231n.stanford.edu/

]°±1﹞ č D1i1hW0 ¾]°? ·﹆>yĚD0a|±ę
 D1¬¨﹋ ¾ ·©1>±\←  f1hW0Ěa|±ę
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m b0 ¶\1﹀Fi0 1? 1½ ·©1>±\ jb0\aC
`0\a? ]°S ·? `0\a? ]°S

Ref: http://cs231n.stanford.edu/

]°±1﹞ č¿°Âm1﹞ ¾ ·¬OaG
 D1¬¨﹋ ¾ ·©1>±\← D1¬¨﹋ ¾ ·©1>±\ 
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m b0 ¶\1﹀Fi0 1? 1½ ·©1>±\ jb0\aC
`0\a? ]°S ·? `0\a? ]°S

Ref: http://cs231n.stanford.edu/

]°±1﹞ č«Ãa﹁ Uxi `\ 1½³Ç]Ã² ¾]°? ·﹆>y
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x

RNN

¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m

RECURRENT NEURAL NETWORK

Ref: http://cs231n.stanford.edu/
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RNN

y

¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m

RECURRENT NEURAL NETWORK

Ref: http://cs231n.stanford.edu/

usually want to predict 

a vector at some time steps

 «Â½0³[ ¿﹞ Ø﹐³¬︺﹞
Â°﹋ ¿°Â? kÂC ¿±1﹞b ª1﹎ ]°S `\ 0` `0\a? ﹉Ã«
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RNN

y
We can process a sequence of vectors x by applying a 

recurrence formula at every time step:

new state old state input vector at some 

time step

some function

with parameters W

¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m

RECURRENT NEURAL NETWORK

Ref: http://cs231n.stanford.edu/

 ¾1½`0\a? b0 ·©1>±\ ﹉Ã «Â±0³G ¿﹞x  ﹉Ã 0 ?1 0︻¬1ل` ¿Fl﹎b1? ³ل﹞a﹁«Â°﹋ jb0\aC ¿±1﹞b ª1﹎ a½ `\Ċ
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RNN

y

Notice: the same function and the same set of parameters 

are used at every time step.

¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m

RECURRENT NEURAL NETWORK

Ref: http://cs231n.stanford.edu/

We can process a sequence of vectors x by applying a 

recurrence formula at every time step:

 ¾1½`0\a? b0 ·©1>±\ ﹉Ã «Â±0³G ¿﹞x  ﹉Ã 0 ?1 0︻¬1ل` ¿Fl﹎b1? ³ل﹞a﹁«Â°﹋ jb0\aC ¿±1﹞b ª1﹎ a½ `\Ċ

·O³G č]±³m ¿﹞ ¶\1﹀Fi0 ¿±1﹞b ª1﹎ a½ `\ ¿±1h﹊Ã ¾1½aF﹞0`1C ·︻³¬N﹞ ² ®1h﹊Ã ︹?1GĊ
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RNN
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The state consists of a single hidden vector h:

¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m

(VANILLA) RECURRENT NEURAL NETWORK

¶\1i ل]﹞

Ref: http://cs231n.stanford.edu/

 ¾1¼°G `0\a? ﹉Ã b0 E©1W®1¼°C h Ei0 ¶]m ﹏Â﹊lGĊ

]°±1﹞
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SEQUENCE TO SEQUENCE: MANY-TO-ONE + ONE-TO-MANY

·©1>±\ ·? ·©1>±\ č ﹉Ã ·? ]°S Đ]°S ·? ﹉Ã

Ref: http://cs231n.stanford.edu/

Many to one: 

Encode input sequence in a single vector

h0 fW h1 fW h2 fW h3

x3
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x2x1
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SEQUENCE TO SEQUENCE: MANY-TO-ONE + ONE-TO-MANY
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Many to one: 

Encode input sequence in a single vector

﹉Ã ·? ]°S  č
1¼°G `0\a? ﹉Ã ·? ¾\²`² ¾ ·©1>±\ ¾`0_﹎]﹋

One to many: 

Produce output sequence from single input vector
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Example: 

Character-level

Language Model

Vocabulary:

[h,e,l,o]

Example training

sequence: “hello”

¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m
﹝[ل 1J﹞ čaF﹋0`1﹋ Uxi `\ ®1?bل

Ref: http://cs231n.stanford.edu/

č1½aF﹋0`1﹋ b0 ¾0 ·©1>±\ ¯Fm0\ 1? ¾]︺? aF﹋0`1﹋ ¿°Â? kÂC ½[ف
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Example: 

Character-level

Language Model

Vocabulary:

[h,e,l,o]

Example training

sequence: “hello”
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Example: 

Character-level

Language Model

Vocabulary:

[h,e,l,o]

Example training

sequence: “hello”

č1½aF﹋0`1﹋ b0 ¾0 ·©1>±\ ¯Fm0\ 1? ¾]︺? aF﹋0`1﹋ ¿°Â? kÂC ½[ف
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Example: 

Character-level

Language Model

Vocabulary:

[h,e,l,o]

At test-time sample 

characters one at a 

time, feed back to 

model

\³m ¿﹞ ﹉?]Â﹁ 1¾ ±¬³±· ?· ﹝[ل½aF﹋0`1﹋ b0 ¿﹊Ã ·|V© a½ `\ ċkÃ1﹞b2 ®1﹞b `\Ċ
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Example: 

Character-level

Language Model

Vocabulary:

[h,e,l,o]

At test-time sample 

characters one at a 

time, feed back to 

model
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Example: 

Character-level

Language Model
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[h,e,l,o]

At test-time sample 

characters one at a 
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model
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Example: 

Character-level

Language Model

Vocabulary:

[h,e,l,o]

At test-time sample 

characters one at a 

time, feed back to 

model

\³m ¿﹞ ﹉?]Â﹁ 1¾ ±¬³±· ?· ﹝[ل½aF﹋0`1﹋ b0 ¿﹊Ã ·|V© a½ `\ ċkÃ1﹞b2 ®1﹞b `\Ċ
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min-char-rnn.py gist: 112 lines of Python

(https://gist.github.com/karpathy/d4dee566867f8291f086)

®1?b ل]﹞ ¾aÂ﹎\1Ã
﹝1Jل

Ref: http://cs231n.stanford.edu/



51 ىادگىری عمىق
P

re
p

a
re

d
 b

y
 K

a
z

im
 F

o
u

la
d

i  
 |

  
 S

p
ri

n
g

 2
0

2
1

  
 |

  
 2

n
d

E
d

it
io

n

x

RNN

y

®1?b ل]﹞ ¾aÂ﹎\1Ã
﹝1Jل

Ref: http://cs231n.stanford.edu/



52 ىادگىری عمىق
P

re
p

a
re

d
 b

y
 K

a
z

im
 F

o
u

la
d

i  
 |

  
 S

p
ri

n
g

 2
0

2
1

  
 |

  
 2

n
d

E
d

it
io

n

train more

train more

train more

at first:
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LaTeX source http://stacks.math.columbia.edu/

The stacks project is licensed under the GNU Free Documentation License

®1?b ل]﹞ ¾aÂ﹎\1Ã

THE STACKS PROJECT: OPEN SOURCE ALGEBRAIC GEOMETRY TEXTBOOK

1J﹞ čg﹊Fi0 ¾ ¶d²aCل

Ref: http://cs231n.stanford.edu/
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aÃ_CaÂh﹀G ¾1½ ³ل¨i ³ ?· \±<1لNFhO

SEARCHING FOR INTERPRETABLE CELLS

Ref: http://cs231n.stanford.edu/
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aÃ_CaÂh﹀G ¾1½ ³ل¨i ³ ?· \±<1لNFhO

SEARCHING FOR INTERPRETABLE CELLS

Ref: http://cs231n.stanford.edu/

Karpathy, Johnson, and Fei-Fei: Visualizing and Understanding Recurrent Networks, ICLR Workshop 2016
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quote detection cell

aÃ_CaÂh﹀G ¾1½ ³ل¨i ³ ?· \±<1لNFhO

SEARCHING FOR INTERPRETABLE CELLS

Ref: http://cs231n.stanford.edu/

Karpathy, Johnson, and Fei-Fei: Visualizing and Understanding Recurrent Networks, ICLR Workshop 2016
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Karpathy, Johnson, and Fei-Fei: Visualizing and Understanding Recurrent Networks, ICLR Workshop 2016

line length tracking cell

aÃ_CaÂh﹀G ¾1½ ³ل¨i ³ ?· \±<1لNFhO

SEARCHING FOR INTERPRETABLE CELLS

Ref: http://cs231n.stanford.edu/
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if statement cell
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Ref: http://cs231n.stanford.edu/
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TRUNCATED BACKPROPAGATION THROUGH TIME (TBPTT)
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Ref: http://cs231n.stanford.edu/
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m jb³﹞2

TRAINING RECURRENT NEURAL NETWORKS

¶\1﹀Fi0 \`³﹞ «FÃ`³﹍©0 č ®1﹞b ³لy `\ `1lF±0 gCĚBackpropagation Through Time: BPTTę

o\³m ¿﹞ ¶\1﹀Fi0 ¾0 ¶aÂN±b ¾ ¶]︻1﹇ b0 Ø0\]N﹞Ċ
oD²1﹀G 1¼°G č]°±1﹞ ¿﹞ ¿﹇1? ¿±1﹞b ¾1½ ª1﹎ ¾²` a? 1½ ®1Ã\0a﹎Ċ

«Â°﹋ ¿﹞ ¶\1﹀Fi0 ﹏?1﹆F﹞ ¿C²aF±2 ف﹑G0 ︹?1G b0č
Cross-Entropy Loss

Ref: https://uvadlc.github.io/
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m jb³﹞2

BACKPROPAGATION THROUGH TIME: BPTT

®1﹞b ³لy `\ `1lF±0 gC č 1لJ﹞Ě۱  b0%ę

 ª1﹎ ¾²` a? ċ®\a﹋ aG ¶\1i ¾0a?۳ «Â°﹋ ¿﹞ c﹋a¬Gč

Ref: https://uvadlc.github.io/
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m jb³﹞2

BACKPROPAGATION THROUGH TIME: BPTT

®1﹞b ³لy `\ `1lF±0 gC č 1لJ﹞Ě۲  b0%ę

Ref: https://uvadlc.github.io/
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m jb³﹞2

BACKPROPAGATION THROUGH TIME: BPTT

®1﹞b ³لy `\ `1lF±0 gC č 1لJ﹞Ě۳  b0%ę

 ¯Â? ¾ ·x?0` ]Ã1?3c  ²W «Ã`²2 Ei\ ·? 0`č

Ref: https://uvadlc.github.io/
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m jb³﹞2

BACKPROPAGATION THROUGH TIME: BPTT

®1﹞b ³لy `\ `1lF±0 gC č 1لJ﹞Ě%  b0%ę

¿Fl﹎b1? D`³q ·?č

Ref: https://uvadlc.github.io/
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m jb³﹞2
jb³﹞2 ¾1½ ¾`0³m\

oEi0 ¶]m ﹏Â﹊lG ]︺? ¯Ã]°S b0 ċ·F﹀¼± ¾ ·|﹁1W ¾1t﹁Ċ
o? \³O³﹞ \1︺?0 ¿[a? `\ <_O aFh? ]°S a﹎0 ċ]°﹋ ¶aÂ[^ 0` D1︻﹑y0 ]±0³G ¿﹞ ċ·|﹁1W E©1W ¾1t﹁ b0 1t﹁aÃb ﹉Ã]m1Ċ
o]°m1? ¾³﹇ <_O aFh? ﹉Ã\c± `\ ]Ã1? 1½ ®1Ã\0a﹎Ċ

Ref: https://uvadlc.github.io/
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m jb³﹞2
jb³﹞2 ¾1½ ¾`0³m\

﹏Â©\ ·? ċEi0 `0³m\ ¿Fl﹎b1? ¿>p︻ ¾ ·﹊>m jb³﹞2č

o 1½ ®1Ã\0a﹎ ل﹑V¬u0ĚVanishing Gradientsę
±³m ¿﹞ a﹀q Ø1>Ãa﹆G 1½ ®1Ã\0a﹎ ċ¿±1﹞b ª1﹎ ]°S b0 gC]Ċ

o 1½ ®1Ã\0a﹎ `1N﹀±0ĚExploding Gradientsę
\³m ¿﹞ گ`c? `1Âh? 1½ ®1Ã\0a﹎ ċ¿±1﹞b ª1﹎ ]°S b0 gCĊ

o¿±﹐³y ¾1½ ¿﹍Fh?0² aÂZhG ª]︻�D]﹞

Ref: https://uvadlc.github.io/
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m ¾0a? ¯Ãc﹍Ã1O ¾]°? ³ل﹞a﹁

ALTERNATIVES FORMULATION FOR RNNS

¯Ãc﹍Ã1O ¾]°? ³ل﹞a﹁ ﹉Ãč

Ref: https://uvadlc.github.io/
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m ¾0a? ¯Ãc﹍Ã1O ¾]°? ³ل﹞a﹁

ANOTHER LOOK AT THE GRADIENTS

1½ ®1Ã\0a﹎ ·? ¾a﹍Ã\ ¶1﹍±

 ¾1½ ®1Ã\0a﹎RNN b0 ¿Fl﹎b1? <au ﹏q1W ﹉Ã ċ Ei0Ċ

Ref: https://uvadlc.github.io/
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m ¾0a? ¯Ãc﹍Ã1O ¾]°? ³ل﹞a﹁

RNN GRADIENTS IN 1D

 ¾1½ ®1Ã\0a﹎RNN ]︺? ﹉Ã `\

Ref: https://uvadlc.github.io/
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m ¾0a? ¯Ãc﹍Ã1O ¾]°? ³ل﹞a﹁

RNN GRADIENTS IN N-D

 ¾1½ ®1Ã\0a﹎RNN ]︺? ]°S `\

Ref: https://uvadlc.github.io/
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m ¾0a? ¯Ãc﹍Ã1O ¾]°? ³ل﹞a﹁

RNN GRADIENTS IN N-D

 ¾1½ ®1Ã\0a﹎RNN ]︺? ]°S `\

 ¿?³﹋0d ¿﹀Ây ~1︺m ĖĚ ¶eÃ² `0]﹆﹞ ¯ÃaG گ`c? Ė ęEi0 ¿¬¼﹞ aF﹞0`1Cč

Ref: https://uvadlc.github.io/
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®1Ã\0a﹎ `1N﹀±0 b0 ¾aÂ﹎³¨O ¾0a? ®1Ã\0a﹎ ja?

GRADIENT CLIPPING

·±1Fi2 `0]﹆﹞ ﹉Ã 1? ®1Ã\0a﹎ ¾]°? f1Â﹆﹞č

]°﹋ ¿﹞ `1﹋ ¿?³[ ·? 1﹞0 ċEi0 ¶\1i «FÃ`³﹍©0 ¯Ã0ĉ

Ref: https://uvadlc.github.io/
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1½ ®1Ã\0a﹎ ل﹑V¬u0

VANISHING GRADIENTS

¿±1Â﹞  ³ل¨i ·? E>h± 1x[ ®1Ã\0a﹎č

Ref: https://uvadlc.github.io/
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1½ ®1Ã\0a﹎ ل﹑V¬u0

VANISHING GRADIENTS

¿±1Â﹞  ³ل¨i ·? E>h± 1x[ ®1Ã\0a﹎č

Ref: https://uvadlc.github.io/



124 ىادگىری عمىق
P

re
p

a
re

d
 b

y
 K

a
z

im
 F

o
u

la
d

i  
 |

  
 S

p
ri

n
g

 2
0

2
1

  
 |

  
 2

n
d

E
d

it
io

n

1½ ®1Ã\0a﹎ ل﹑V¬u0

VANISHING GRADIENTS

¿±1Â﹞  ³ل¨i ·? E>h± 1x[ ®1Ã\0a﹎č

¿±﹐³y ¾1½ ¿﹍Fh?0²�]±³m aG ﹉S³﹋ ² ﹉S³﹋ ¿Ã1¬± D`³q ·? 1½ ®b² ]±³m ¿﹞ =O³﹞ D]﹞Ċ

Ref: https://uvadlc.github.io/
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1½ ®1Ã\0a﹎ ل﹑V¬u0

VANISHING GRADIENTS

EhÂ± ¿?³[ ﹏W ¶0` ¶]m ﹏V¬t﹞ ¾1½ ®1Ã\0a﹎ ¿½\ f1Â﹆﹞b1?ĉ

\`0_﹎ ¿﹞ aÂK5G ¿±1﹞b ¾1½ ª1﹎ ¾ ·¬½ a? ċ¿±1﹞b ª1﹎ ﹉Ã ¾0a? ¿½\ f1Â﹆﹞b1?
⇓

]°﹋ ¿¬± `1﹋ a﹍Ã\ ¿±1﹞b ª1﹎ ¾0a? ċ¿±1﹞b ª1﹎ ﹉Ã ¾0a? ¿½\ f1Â﹆﹞b1? =Ãauĉ

 ]°Fh½ کaFl﹞ ¿±1﹞b ¾1½ ª1﹎ ¯Â? 1½ ®b²⇐ ]±³m ¿﹞ ︹¬O ¿±1﹞b ¾1½ ª1﹎ ¾²` a? 1½ ف﹑G0č

Ref: https://uvadlc.github.io/
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VANISHING GRADIENTS

1J﹞Ě۱  b0۲ęل 

Ref: https://uvadlc.github.io/
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1½ ®1Ã\0a﹎ ل﹑V¬u0

VANISHING GRADIENTS

1J﹞Ě۲  b0۲ęل 

¿±﹐³y ¾1½ ¿﹍Fh?0²�Ei0 ¿m³C «lS ﹏?1﹇ D]﹞č
Ě¶1G³﹋ ¾²` a? w﹆﹁ ¾aÂ﹎\1Ã�]°﹋ ¿﹞ c﹋a¬G D]﹞ęĊ

Ref: https://uvadlc.github.io/
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1½ ®1Ã\0a﹎ ل﹑V¬u0

FIXING VANISHING GRADIENTS

﹏﹊l﹞ ︹﹁`

 ĕ ¿Fl﹎b1? ¾1½ ®b² ¾²` a? ®³Âi0cÃ`﹐³﹎`Ě\³l± ﹏V¬t﹞ ·﹋ ]°﹋ ¿﹞ `³>N﹞ 0` 1x[ 1ل°﹍ÂiĊę

 ĕ]°±1﹞ ċ·F﹁alÂC ¿Fl﹎b1? ¾1½ ²لd1﹞ b0 ¶\1﹀Fi0č
o ¿±﹐³y D]﹞ ¶1G³﹋ ¾ ·|﹁1W ²لd1﹞(Long Short-Term Memory Module)

o ¶]m ¾`0_﹎ ¶b0²`\ ¿Fl﹎b1? ]W0² ²لd1﹞(Gated Recurrent Unit Module)

Ref: https://uvadlc.github.io/
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FIXING VANISHING GRADIENTS

﹏﹊l﹞ ︹﹁`

]m1>± ﹉S³﹋ ¿¨Â[ 1Ã گ`c? ¿¨Â[ ªaÖ± ¾0`0\ ]Ã1? ċ®1﹞b ³لy `\ 1x[ 1ل°﹍ÂiĊ

﹏W ¶0` č 1? ¾²1h﹞ ®2 ﹅Fl﹞ ·﹋ ¾b1i 1?︹ ﹁︺1لG ﹉Ã b0 ¶\1﹀Fi01 ]m1?Ċ

⇓
﹉S³﹋ ¿¨Â[ ·± ² ]±³m ¿﹞ گ`c? ¿¨Â[ ·± 1½ ®1Ã\0a﹎

Ref: https://uvadlc.github.io/
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﹅Â¬︻ ¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m

DEEP RNNS

 ·Ã﹐]°S ¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m ď¶1G³﹋ ¾ ·|﹁1W�¿±﹐³y D]﹞

Ref: http://cs231n.stanford.edu/
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¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m

MULTILAYER RNNS

·Ã﹐]°S ¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m

Ref: http://cs231n.stanford.edu/
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xt

W

stack

tanh

ht

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

¶\1i ¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m

VANILLA RNN GRADIENT FLOW

®1Ã\0a﹎ ®1ÃaO

Ref: http://cs231n.stanford.edu/
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n ht-1

xt

W

stack

tanh

ht

Backpropagation from ht

to ht-1 multiplies by W 

(actually Whh
T)

¶\1i ¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m

VANILLA RNN GRADIENT FLOW

®1Ã\0a﹎ ®1ÃaO

Ref: http://cs231n.stanford.edu/

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
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h0 h1 h2 h3 h4

x1 x2 x3 x4

¶\1i ¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m

VANILLA RNN GRADIENT FLOW

®1Ã\0a﹎ ®1ÃaO

Ref: http://cs231n.stanford.edu/

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

Computing gradient of 

h0 involves many 

factors of W

(and repeated tanh)
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h0 h1 h2 h3 h4

x1 x2 x3 x4

Largest singular value > 1: 

Exploding gradients

Largest singular value < 1:

Vanishing gradients

¶\1i ¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m

VANILLA RNN GRADIENT FLOW

®1Ã\0a﹎ ®1ÃaO

Ref: http://cs231n.stanford.edu/

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

Computing gradient of 

h0 involves many 

factors of W

(and repeated tanh)
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h0 h1 h2 h3 h4

x1 x2 x3 x4

Largest singular value > 1: 

Exploding gradients

Largest singular value < 1:

Vanishing gradients

Gradient clipping: Scale 

gradient if its norm is too big

¶\1i ¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m

VANILLA RNN GRADIENT FLOW

®1Ã\0a﹎ ®1ÃaO

Ref: http://cs231n.stanford.edu/

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

Computing gradient of 

h0 involves many 

factors of W

(and repeated tanh)
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h0 h1 h2 h3 h4

x1 x2 x3 x4

Computing gradient of 

h0 involves many 

factors of W

(and repeated tanh)

Largest singular value > 1: 

Exploding gradients

Largest singular value < 1:

Vanishing gradients
Change RNN architecture

¶\1i ¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m

VANILLA RNN GRADIENT FLOW

®1Ã\0a﹎ ®1ÃaO

Ref: http://cs231n.stanford.edu/

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



﹅Â¬︻ ¾aÂ﹎\1Ã

¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m
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Hochreiter and Schmidhuber, “Long Short Term Memory”, Neural Computation 1997

Vanilla RNN LSTM

¶1G³﹋ ¾ ·|﹁1W�¿±﹐³y D]﹞

LONG SHORT-TERM MEMORY (LSTM)

·hÃ1﹆﹞

Ref: http://cs231n.stanford.edu/
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LONG SHORT-TERM MEMORY (LSTM)

·hÃ1﹆﹞

Ref: https://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Ref: http://cs231n.stanford.edu/
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Ref: http://cs231n.stanford.edu/
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®1Ã\0a﹎ ®1ÃaO

Ref: http://cs231n.stanford.edu/
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®1Ã\0a﹎ ®1ÃaO

Ref: http://cs231n.stanford.edu/
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Ref: http://cs231n.stanford.edu/
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Ref: http://cs231n.stanford.edu/
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MEET LSTMS

1½ ·±1l±

Ref: http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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LSTMS INTUITION: MEMORY

 ¾\³¼m ک`\LSTM č·|﹁1W

Ref: http://colah.github.io/posts/2015-08-Understanding-LSTMs/

i E©1W ď·|﹁1W¨³ل 
Cell State / Memory
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LSTMS INTUITION: FORGET GATE

 ¾\³¼m ک`\LSTM č¿m³﹞0a﹁ EÂ﹎

Ref: http://colah.github.io/posts/2015-08-Understanding-LSTMs/

ĈaÂ[ 1Ã «Ã`²1Â? \1Ã ·? 0` D1︻﹑y0 b0 EÂ? ¯Ã0 ]Ã1? 1Ã2
Should we continue to remember this “bit” of information or not?

1J﹞ č ¿¨>﹇ ﹏︻1﹁ ·? v³?a﹞ D1︻﹑y0 «Â½0³[ ¿﹞ ċ·¨¬O `\ ]Ã]O ﹏︻1﹁ ﹉Ã ®]Ã\ 1?Ě\0]︺G ² EÂh°O ]°±1﹞ ęj³﹞0a﹁ 0` «Â°﹋Ċل
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LSTMS INTUITION: INPUT GATE

 ¾\³¼m ک`\LSTM č¾\²`² EÂ﹎

Ref: http://colah.github.io/posts/2015-08-Understanding-LSTMs/

ĈaÂ[ 1Ã «Ã`²1Â? \1Ã ·? 0` D1︻﹑y0 b0 EÂ? ¯Ã0 ]Ã1? 1Ã2
Ĉ¾\²`² ª0]﹋ 1? ċEi0 `³y ̄ Ã0 a﹎0

Should we continue to remember this “bit” of information or not?
If so, with what?

1J﹞ č ]Ã]O ﹏︻1﹁ ·? v³?a﹞ D1︻﹑y0 «Â½0³[ ¿﹞ ċ·¨¬O `\ ]Ã]O ﹏︻1﹁ ﹉Ã ®]Ã\ 1?Ě\0]︺G ² EÂh°O ]°±1﹞ ęÃ`1Bh? ay1[ ·? 0`«Ċل
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LSTMS INTUITION: MEMORY UPDATE

 ¾\³¼m ک`\LSTM č·|﹁1W ¿±1i`b²` ·?

Ref: http://colah.github.io/posts/2015-08-Understanding-LSTMs/

 ¯﹋ j³﹞0a﹁ 0` ®2 Đ`1Bh? ay1[ ·? 0` ¯Ã0
Forget that + Memorize this

W_ف 1J﹞ č®2 ·? ]Ã]O ]Â﹀﹞ D1︻﹑y0 ®\²c﹁0 ² ·|﹁1W b0 ¾`²auaÂ︾ D1︻﹑y0ل



156 ىادگىری عمىق
P

re
p

a
re

d
 b

y
 K

a
z

im
 F

o
u

la
d

i  
 |

  
 S

p
ri

n
g

 2
0

2
1

  
 |

  
 2

n
d

E
d

it
io

n

¶1G³﹋ ¾ ·|﹁1W�¿±﹐³y D]﹞

LSTMS INTUITION: OUTPUT GATE

 ¾\³¼m ک`\LSTM č¿O²a[ EÂ﹎

Ref: http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Ĉ«Â°﹋ L`1[ ·﹊>m aG ﹅Â¬︻ ¾1½ ·Ã﹐ E¬i ·? 0` D1︻﹑y0 b0 EÂ? ¯Ã0 ]Ã1? 1Ã2
Should we output this “bit” of information to “deeper” layers?

?· ]aq `³|°﹞ ·? ¿O²aف \`1J﹞ č ·¨¬O ﹏︻1﹁ D1︻﹑y0 ®\1Fia﹁Ě\0]︺G ² EÂh°O ﹏J﹞ ę®2 b0 gC ﹏︺﹁ Eiل
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LSTMS INTUITION: ADDITIVE UPDATES

 ¾\³¼m ک`\LSTM č¿︺¬O ¾1½ ¿±1i`b²` ·?

Backpropagation from Ct

to Ct-1 only elementwise 

multiplication by f, no 

matrix multiply by W

Ref: http://colah.github.io/posts/2015-08-Understanding-LSTMs/

 b0 `1lF±0 gCtC  ·?1-tC
 `\ ap°︻ ·?ap°︻ <au 1? 1¼°Gf ċ\³m ¿﹞ ª1N±0

 `\ ¿hÃaG1﹞ <au QÂ½W «Ã`0]±Ċ



158 ىادگىری عمىق
P

re
p

a
re

d
 b

y
 K

a
z

im
 F

o
u

la
d

i  
 |

  
 S

p
ri

n
g

 2
0

2
1

  
 |

  
 2

n
d

E
d

it
io

n

¶1G³﹋ ¾ ·|﹁1W�¿±﹐³y D]﹞

LSTMS INTUITION: ADDITIVE UPDATES

 ¾\³¼m ک`\LSTM č¿︺¬O ¾1½ ¿±1i`b²` ·?

Ref: http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Uninterrupted gradient flow!
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LSTMS INTUITION: ADDITIVE UPDATES

 ¾\³¼m ک`\LSTM č¿︺¬O ¾1½ ¿±1i`b²` ·?

Uninterrupted gradient flow!
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Similar to ResNet!

Ref: http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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LONG SHORT-TERM MEMORY

Ref: https://uvadlc.github.io/
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CELL STATE

i E©1W¨³ل

³y `\ 0` ¿i1i0 D1︻﹑y0 ċĊل i E©1W]°﹋ ¿﹞ ﹏¬W ®1﹞b¨³ل

Ref: https://uvadlc.github.io/
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LSTM NON-LINEARITIES

 ¾1½ EÂx[aÂ︾LSTM

  EÂ﹎Ě ¶b0²`\ę  لaF°﹋(control gate)č ]°﹋ ¿﹞ ﹏¬︻ QÂÇ³i ﹉Ã ·Â>mĊ
 ¿Fl﹎b1? EÂx[aÂ︾

Ref: https://uvadlc.github.io/
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LSTM STEP-BY-STEP: STEP 1

 1? ª1﹎ ·? ª1﹎LSTM : ª1﹎۱

O ﹉Ã «Â½0³[ ¿﹞Ċ¬¨· `0 ﹝[ل ﹋°1J﹞ ¾0a? č«Âل

«Ã`²1Â? ay1[ ·? 0` ¾cÂS ·S ² «Â°﹋ j³﹞0a﹁ 0` ¾cÂS ·S ]Ã]O ¾ ·|﹁1W ¾0a? «ÃaÂ﹍? «Â¬pG ]Ã1?Ċ

 ]ÂÇ³¬﹍Âi Ė1 ⇐ cÂS ·¬½ ¾`²2\1Ã ·?
 ]ÂÇ³¬﹍Âi Ė0 ⇐ cÂS ·¬½ ®\a﹋ j³﹞0a﹁

Ref: https://uvadlc.github.io/
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LSTM STEP-BY-STEP: STEP 2

 1? ª1﹎ ·? ª1﹎LSTM : ª1﹎۲

\³m ·﹁1u0 ]Ã]O ¾ ·|﹁1W ·? ]Ã1? ¾]Ã]O D1︻﹑y0 ·S «ÃaÂ﹍? «Â¬pG ]Ã1?Ċ

o ¾\²`² «Â°﹋ ¿﹞ ·©²]﹞ 0`Ċ
o¾0]Ã]±1﹋ ¾1½ ·|﹁1W  «Â°﹋ ¿﹞ ]Â©³G 0`Ċ

Ref: https://uvadlc.github.io/
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LSTM STEP-BY-STEP: STEP 3

 1? ª1﹎ ·? ª1﹎LSTM : ª1﹎۳

i ¿¨︺﹁ E©1W f1i0 a? ċ«Â°﹋ ¿﹞ ª1﹍°½ ·? ² ·>i1V﹞ 0`č¨³ل 
o³ل¨i ¿¨>﹇ E©1W
o«Â°﹋ j³﹞0a﹁ «Ã`0\ «Â¬pG ·R±2
o«Â±0\ ¿﹞ b1N﹞ ¾\²`² ®0³°︻ ·? ·R±2
o0]Ã]±1﹋ ¾1½ ·|﹁1W

Ref: https://uvadlc.github.io/
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LSTM STEP-BY-STEP: STEP 4

 1? ª1﹎ ·? ª1﹎LSTM : ª1﹎%

«Â°﹋ ¿﹞ ]Â©³G 0` ]Ã]O ¾ ·|﹁1W Ď«Â°﹋ ¿﹞ ·©²]﹞ 0` ¿O²a[Ċ

Ei0 ¿y³?a﹞ cÂS ¾²1W ³ل¨i E©1W a﹎0
⇐  ]ÂÇ³¬﹍Âi Ė1

Ref: https://uvadlc.github.io/
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LSTM UNROLLED NETWORK

¶]mb1? ¾ ·﹊>m

ĎEi0 \`0]±1Fi0 ¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m ·? ·Â>m `1Âh? ċ¿C³﹊i²a﹋1﹞ z1V© ·?
 Ei0 D²1﹀F﹞ ¿¬﹋ ®2 `³G³﹞ 1﹞0ĚaG ¶]ÂRÂCę

. ¾1½ EÂ﹎ 0aÃbLSTM]°﹋ ¿﹞ aÂZhG 0` ]°¨? ² D]﹞ ¶1G³﹋ ¾1½ ¿﹍Fh?0² ®2 ¾1½/Ċ

Ref: https://uvadlc.github.io/



﹅Â¬︻ ¾aÂ﹎\1Ã

¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m
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LSTMS

Ref: http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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LSTM VARIANTS #1: PEEPHOLE CONNECTIONS

 ¾ ¶`1¬m aÂÂ︽G۱ č¾0 ·±b²` D﹐1pG0

Ref: http://colah.github.io/posts/2015-08-Understanding-LSTMs/

E©1W ]°±0³F? 1G 1½ EÂ﹎ ·? ®\0\  ¶b1O0 ď]°°Â>? 0` ³ل¨i ¾ ·|﹁1WĊ
Let gates see the cell state / memory.
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LSTM VARIANTS #2: COUPLED GATES

 ¾ ¶`1¬m aÂÂ︽G۲ č¶]m E﹀O ¾1½ EÂ﹎

Ref: http://colah.github.io/posts/2015-08-Understanding-LSTMs/

]±³m j³﹞0a﹁ ¿¬Ã]﹇ D1︻﹑y0 ·﹋ ]±³m ¿﹞ ¶\aBi ay1[ ·? ¿G`³q `\ ]Ã]O D1︻﹑y0
Only memorize new if forgetting old
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LSTM VARIANTS #3: GATED RECURRENT UNITS

 ¾ ¶`1¬m aÂÂ︽G۳ č¶]m ¾`0_﹎ ¶b0²`\ ¿Fl﹎b1? ¾1½]W0²

Ref: http://colah.github.io/posts/2015-08-Understanding-LSTMs/

D0aÂÂ︽Gč
 ·|﹁1W Ď\`0]± \³O² ¿VÃaq ¾ ·|﹁1W Ė®1¼°C ¿O²a[

z  Ė¯﹋ j³﹞0a﹁ 0` ¿¬Ã]﹇ D1︻﹑y0 ² `1Bh? ay1[  ·? 0` ]Ã]O D1︻﹑y0

Changes: 
No explicit memory; memory = hidden output

Z = memorize new and forget old
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Ref: http://cs231n.stanford.edu/
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 RNNs allow a lot of flexibility in architecture design.

 Vanilla RNNs are simple but don’t work very well.

 Common to use LSTM or GRU: 

their additive interactions improve gradient flow.

 Backward flow of gradients in RNN can explode or vanish.

 Exploding is controlled with gradient clipping. 

 Vanishing is controlled with additive interactions (LSTM)

 Better/simpler architectures are a hot topic of current research

 Better understanding (both theoretical and empirical) is needed.



﹅Â¬︻ ¾aÂ﹎\1Ã

¿Fl﹎b1? ¿>p︻ ¾1½ ·﹊>m
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http://cs231n.stanford.edu

http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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https://uvadlc.github.io/
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https://colah.github.io/posts/2015-08-Understanding-LSTMs/
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I. Goodfellow, Y. Bengio, A. Courville, 

Deep Learning, 

MIT Press, 2016.

Chapter 10


