RecurrenitNeuralNetworks

RNN, LSTM , GRU..

In part from JCannyCS294129 2016 and from MooneY{exas2015)



Standard Neural Networks are DAGs (Directed Acyclic Graphs). That
means they have a topological ordering.
A The topological ordering is used for activation propagation, and

for gradient backpropagation.
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A They are implemented as combinatorial logic devices.




Recurrent networks introduceyclesand a notion ofime.

Onestep delay

A They are designed to processquences of data 8 & 8 ho
and can produce sequences of outpuisB hw .

A They are implemented asequentiallogicdevices andtheir
behaviourcan bedescribedasa sequenceof statesand
transitions
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We can process a sequence of vectqrs
by applying aecurrence formulat every
time step: y

hy = fW(ht—la ﬂft)
new hidden state old hiddeninput vector at
state some time ste

some function
with parameters W

Notice: the same function and the same set of parameters are used at every time step!!!!

Based on ¢s231n by Heei Li & Andrej Karpathy & Justin Johnson
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Y hy = fW(ht—lv $t)
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h, = tanh(Wpphe 1 + Wy zy)

X Yt — Whyht

Based on ¢s231n by Heei Li & Andrej Karpathy & Justin Johnson




An RNNell




«Sketchee representationof an RNNell
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This produces a DAG which .
supports backpropagation.
But its sizelepends on the 8




Usually drawn as:
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Deep RNN

Often layers are stacked vertically (deep RNNs), and you can have

many:
Same parameters (W, WL, W)
at this level
U
Abstraction
- Higher Same parameters (W, W9, W9, )
level at this level
features

_ Thisisobvious sinceeverylayer
Time is made of thesamecell acrosgime..



lat layercomputessome outputfunction
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Softmaxor other functions
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Examplelearnpredictingnextcharacterof a
characterstring (word precomplilatiory

Vocabulary get ofcharacters:.
[h,e,l,04]

Example training
sequence:

GKSff 2¢

O0aK2Tt hleglolaal) £ 2




Vocabulary:
[h,e,l,oa]

Example training
sequence:
GKSftf 2¢

m input layer
One hotvectors

input chars:  «

SRl (<) (<) (=)
o |
= loaoc ol
“ |lo=_oco

Based on ¢s231n by Heei Li & Andrej Karpathy & Justin Johnson




Vocabulary:
[h.e,l,oq]

Example training
sequence:
GKSf f 2¢

hi = tanh(Whnhe—1 + Winzt)

0.3
hidden layer | -0.1
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input layer
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“hl!

input chars:

Based on ¢s231n by Heei Li & Andrej Karpathy & Justin Johnson
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At eachtime-step t, Input is &haracter output is thesubsequentcharacter

Vocabulary. target chars: ‘e’ i I “0”
[h1e1|10a] 1.0 0.5 0.1 0.2
2.2 0.3 0.5 1.5
o oufputlayer S 4.0 1.9 0.1
Example training 4.1 1.2 1.1 32
sequence: T T T T W hy
aOKStft2c¢
0.3 1.0 0.1 |w hn|-03

hidden layer | -0.1 0.3 -0.5

0.9 0.1 -0.3 0.7
T W _xh
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h,, representssome | o1 [o] [e] [°
«compressed representation " : : (1) 3
of previouscharacter input chars: = "|" %

Based on ¢s231n by Heei Li & Andrej Karpathy & Justin Johnson




RNN

one to one one to many many to one many to many many to many

\ Vanilla Neural Networks

Based on ¢s231n by Heei Li & Andrej Karpathy & Justin Johnson




RNN

one to one one to many many to one many to many many to man>|
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Image Sentiment Synced
classification analysis sequence(videc
Iniage Machine classification)
captioning translation

Based on ¢s231n by Heei Li & Andrej Karpathy & Justin Johnson




Example imagecaptioning
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using ImageNet dataset
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Input Image

(224x224x3) at fc layer
X X
(1x1x2048)
Wen b Wemb Wemb
Input is an image, output sequenceof <start>\ Giraffes \;, other
wordsdescribingthe image a eaption»)



Whatis the learning task?

Asusual learning the modgbarameters(the 3matrixesW inanylayen,
like for «standard» CNN



Backpropagatiorstill works:
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Backpropstill works:
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Backpropstill works:
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Backpropstill works:
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Backpropstill works:
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Backpropstill works:
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Backpropstill works:
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Backpropstill works:
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Backpropstill works:

Abstraction Gradients

- Higher
level
features




Learningparametersan a
RNN

A Whatisthe total lossfor this network?
A How dowe update theweights W, W,, andW,,,?



Backpropagatiom RNN

Asusualwe definea LosdunctionL, for
example crossentropyloss(asfor CNN)

00 X 0,@) X0

Note that error is definedover theentire
sequence sothat the total error isthe
sum oflossesat eachstep
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Adusual aforwardpass and aackwordpass

Forwardpass:
L
hi = tanh(Wiphy 1 + Wopy) 7 t \\
Yr = Whyhy L"]‘ 2 LrT | [f,
w | € Q0 dww ¢on the lastayer) fis_o G 2
Backwardpass: T T T
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Tosimplify, we denote W, asW, W,, asUandW, asV.



Derivationwrt U
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The derivative ofoftmax
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Tosimplify, we denote W, asW, W,, asUandW, asV.


https://themaverickmeerkat.com/2019-10-23-Softmax/

Derivationwrt W

h
T0 T0
k) 1o )
=1-0 w £(3§2 I \
= \L,
ot |
Q OAI + Z)t
14
Thisalsodependson W!!! — hi2 — ht@ hy
T { T
1'Q1Q T2 Ty Ty

0
- T 10 8&% o VANISHING GRADIENT!!



Derivativewrt V
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We havethe sameproblem, sincethe
derivative ofn, dependson h_!!!




RNNsufferfrom vanishinggradien

ANot only acrosamultiple layers(vertically), asfor
CNN put alsoalongthe timeline (horizontally).

ALongterm dependenciesrelost
ABettersolutiont LSTM



Long Shorferm Memory: to preserve lorigrm d%Sendencies
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