Recurrent Neural Networks™
o Basic concept of RNNs

o LSTM networks

o GRU networks
o Example application in tomography

*Slides “barrowed” from Prof. Greg Buzzard



Basic Concept of RNN

= State machine viewpoint
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= “Unrolling the loop™ Xt

— Parameters 6 are shared
— Time dependent processes such as speech
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RNN Problems and Solutions

" Problem:
— Back propagation now iterates in time
— Gradient tends to vanish over long time scales
— Difficult to model long time dependencies in data

= Solution:

— Use skip connection, batch normalization (BM) and tricky
methods for gating information from the past.

— Results in long-short time memory (LSTM) RNN



Long-Short Term Memory (LSTM)
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Picture of a Hadamard Product

" For example, 1f we have
I " #3%

= For rank 1 case:

yi = h; x;

»For rank 2 case:

=Ftc., ...

Yij = hijXij




A Look Inside LSTM block: L1
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A Look Inside an

LSTM block: L2 h
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A Look Inside an LSTM block: L3
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LSTM Intuition

=The backbone
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Convolutional LSTM block!’ ’it
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Why use ConvLSTM to SBP
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GRU: Gated Recurrent Unit*
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Why use a GRU?
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Computed Tomography (CT)

=Reconstruct object from projections
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Sparse View CT Reconstruction

=Sparse view: Reduce acquisition time and dosage

=Filtered Back Projection (FBP) reconstruction
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=Solution: Deep Neural Net reconstruction
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Stacked Back Projections (SBP)*

"Measure projections

"Back project each projection

=Stack them up 1n order
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RSBP Network Architecture

"Recurrent Stacked Back Projection (RSBP)
— Uses convolutional LSTM"8processing of SBP
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Reconstruction on Simulated data
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Reconstruction on Real data

)012
‘B6-DEFGH

o

(s

N
N
- »

012345

)012
32)45 678>9®

)012%
32)45 67>B@@

:0< 433

;0< 433
32)45 67C@B6%

2000

1750

1500

1250

1000

750

500

250

I"HSHOLE' (&) H'

2000

1750

'0< 433 2'0< 433 1500
I"#$%&  '()*-. 1950

1000

750

500

250

'0< 433 2'0< 433
32)45 67C8@? I"#$%& '(,6/- +

A\G#;'"2(PQ/#3DBWI(
X3;/$J610;6#/$

19



Unsupervised Learning
o The Concept of Unsupervised Training
o Autoencoders
o Decoders as Generators
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Autoencoder

=T'wo stages:
— Encoder generates a latent vector, z, then encodes the object
— Decoder generates an approximation to the original input
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Autoencoder
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Training an Autoencoders

" An example of unsupervised learning
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* An image can be thought of as a point in an N-dimensional space.
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Application of Encoder

"The encoder as a preprocessor:
— Dimensionality reduction

— Pretrained

Encoder
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latent vector, z

General DNN
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Application of Decoder as Generator*

*The decoder can be used as a generator:
— Produces instantiations of y
— Variational autoencoders

Decoder
Network

Random
number
generator

.rl

latent vector, z

A Generator
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