
Recurrent Neural Networks*
oBasic concept of RNNs
oLSTM networks
oGRU networks
oExample application in tomography

*Slides “barrowed” from Prof. Greg Buzzard 1



Basic Concept of RNN
 State machine viewpoint

– 𝑥!, 𝑦! - input and output
– 𝑠! - state
– 𝜃 – parameter

 “Unrolling the loop”
– Parameters 𝜃 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
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Long-Short Term Memory (LSTM)
 LSTM architecture

• State has two components ! ! " #! $%!  
&#!  - cell state

! "#$%&'()*$%+,#($)'#-,#'*.$/0'*%$+'$)&'#(+&'#$'#-&')&1#
! 2&345&0'6,)(0-()7'7%,3(&)#'8%$9.&+'+45-'.(:&'#-&'0:(88&3'5$))&5#($)
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Picture of a Hadamard Product
 For example, if we have

! " # $%

 For rank 1 case:

For rank 2 case:
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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 ℎ!
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LSTM Intuition
The backbone

! @,%%(&0'0#,#&'*$%/,%3',)3'7%,3(&)#0'9,5:/,%3A
! B,#()7'CD,3,+,%3'8%$345#E'+$34.,#&'()*$%+,#($)'*.$/A

“Forgetting” gate:
! F0&'𝐶G'ℎG',)3'𝑥'#$'3&#&%+()&'-$/'+45-'#$'0488%&00A
! ?*'𝐶'&)5$3&0'#-,#'/&')&&3','6&%9A''H$%7&#'#-,#'/-&)'6&%9'(0'*$4)3A

Input gate:
– 𝑖'3&#&%+()&0'/-(5-'6,.4&0'$*'@'#$'483,#&A
– tanh ⋅ '7&)&%,#&0')&/'0#,#&'#$',33'#$'𝐶A

Output gate:
! $'(0'#-&'$4#84#'7,#&I''+$34.,#&0'/-,#'8,%#'$*'#-&'0#,#&'@'7&#0'8,00&3'C6(,'

#,)-E'#$'54%%&)#'$4#84#'-A
! @$4.3'&)5$3&'/-&#-&%',')$4)'(0'0()74.,%'$%'8.4%,.'#$'8%&8,%&'*$%','
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Convolutional LSTM block!†
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Why use ConvLSTM to SBP

Advantages:
! J..$/0'=";>'2KK'#$'9&'40&3'/(#-'(+,7&0
! L%,+,#(5,..<'%&345&0')4+9&%'$*'8,%,+&#&%0',0'5$+8,%&3'#$'=";>'

(+8.&+&)#,#($)A

Disadvantage:
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GRU: Gated Recurrent Unit*
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Why use a GRU?

!"#$%&$'()*+,*-./0
– Simpler and typically just as effective
– Combine #  and % into a single state/output.
– Combine forget and input gates into update gate, 9.

!"#$%&$'($)*#+,-+./0
– Convolutional GRU exists* but is not already implemented in PyTorch 

or TensorFlow.
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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
! HQN'%&M4(%&0'RST'6(&/0'*$%','256×256'%&5$)0#%45#($)A
! UTV6(&/'C(A&AG'08,%0&'6(&/E'%&5$)0#%45#($)'.$$:0'6&%<'9,3

Solution: Deep Neural Net reconstruction

T1/0$: A106. PU7V#3D(SWI
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Stacked Back Projections (SBP)*

Measure projections

Back project each projection

Stack them up in order
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RSBP Network Architecture

Recurrent Stacked Back Projection (RSBP)
– Uses convolutional LSTMH8I processing of SBP
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Reconstruction on Simulated data
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Reconstruction on Real data
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Unsupervised Learning
oThe Concept of Unsupervised Training
oAutoencoders
oDecoders as Generators
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Autoencoder
Two stages:

– Encoder generates a latent vector, 𝑧, then encodes the object
– Decoder generates an approximation to the original input
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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

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

A Generator
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