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Backpropagation through Time
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Backpropagation through Time
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Backpropagation through Time
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A very deep neural network
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Some weights are shared.
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(The values of w,, w, should always be the same.)
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Unfortunately, it is not
easy to train RNN.



The error surface is rough.
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Source: http://jmlr.org/proceedings/papers/v28/pascanul3.pdf



aoc™ oc™oy™| dy" Ay"
TOy Example ow ~ ayT[o ow  Aw

I
!

fn=1000: w=1 == yt=



3 Only extremely large
and small value
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Backpropagation through Time

Gradient Vanishing/Exploding

For simplicity, assume
linear activation function




(6]

Gradient Vanishing/Exploding
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Possible Solutions



Clipped Gradient

Clipped
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gradient

theano.tensor.clip(X, min, max)
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Source: http://jmlr.org/proceedings/papers/v28/pascanul3.pdf
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Methods:
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Source: http://www.cs.toronto.edu/~fritz/absps/momentum.pdf



NAG

* Momentum

Gradient=0

=P Gradient
= \OVvEeMent

====p Last Movement

 Nesterov’s Accelerated
Gradient (NAG)

Gradient=0



6 50918.008 — ———_ 15.000)

Rl\/lSPrOp Smaller -E-

Learning Rate

[~ L

e Larger ”
Review: Learning Rate
Adagrad 250, o '

Use first derivative to estimate second derivative




RMSProp

Error Surface can be even more complex when training RNN.
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RMSProp
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Root Mean Square of the gradients

with previous gradients being decayed




LSTM can address the gradient vanishing problem.

4 times of parameters  X; X,  Input










Other Simpler Variants

* GRU: Cho, Kyunghyun, et al.
"Learning Phrase
Representations using RNN
Encoder—Decoder for
Statistical Machine
Translation”, EMNLP, 2014

31

 SCRN: Mikolov, Tomas, et al.
"Learning longer memory in
recurrent neural networks”,

ICLR 2015
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* Vanilla RNN: Initialized with Identity matrix + ReLU

Pixel-by-pixel MNIST
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Concluding Remarks

* Be careful when training RNN ...

* Possible solution:
* Clipping the gradients
* Advanced optimization technology
* NAG
* RMSprop
* Try LSTM (or other simpler variants)
 Better initialization



