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} Training RNNs
◦ Back Propagation Through Time (BPTT) Algorithm

} Issues with BPTT
◦ Vanishing and Exploding Gradients

} Solution: LSTMs
} 1D Convolutions
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The matrix X(1) forms a single training sample
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X(1) = 

Training Data Set

Final Representation

Logits

How to train
This network?

Dense FF ! 1D Tensors
ConvNet ! 3D Tensors
RNN        ! 2D Tensors

InputNW Type
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TThe Vanishing Gradient Problem Re-appears!

The number of RNN Stages depends upon
the input data!



(a)

(b) BPTT on Segment 1 (b) BPTT on Segment 2



Ideally if BPTT based training goes well, then ALL the 
inputs should be able to interact with each other by 
influencing the gradient updates

In practice, BPTT may run into the following 
problems:
} Vanishing Gradient Problem: the gradients Δ in the initial 

stages of the network become progressively smaller and get close to zero 
during Backprop, as the number of RNN stages increases.

} Exploding Gradient Problem

%ℒ
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= 𝑋!"∆! + 𝑋#"∆#+ 𝑋$"∆$
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In General
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In General 𝑊" = 𝑅Λ𝑅"

Λ is a diagonal matrix with eigenvalues 𝜆)
Then (𝑊")*= 𝑅Λ*𝑅"

Λ* is a diagonal matrix with eigenvalues 𝜆)*

Matrix Factoring result
from Linear Algebra
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∆# = (𝑊')* 𝑉'∆,

In General Then (𝑊")*= 𝑅Λ*𝑅"

Λ* is a diagonal matrix with eigenvalues 𝜆)*

As 𝑛 → ∞: 𝑖𝑓 𝜆) < 1, 𝑡ℎ𝑒𝑛 Δ! → 0

As 𝑛 → ∞: 𝑖𝑓 𝜆) > 1, 𝑡ℎ𝑒𝑛 Δ! → ∞

Vanishing Gradients

Exploding Gradients
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The early inputs stop influencing the gradient updates





} More difficult problem to solve
◦ Problem caused to multiple matrix multiplications, 

which is intrinsic to the architecture
} Solution requires a major change in RNN 

architecture





} LSTMs were designed with the objective of solving 
the Vanishing Gradients Problem in RNNs

} They have been very successful in doing so, indeed 
almost all of the successful applications of Recurrent 
Networks in recent years have been with LSTMs 
rather than with plain RNNs 

ConvNets " ! Image Processing
LSTMs, Transformers   " ! Sequence Processing/NLP
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𝐶# = 𝐶! + tanh(𝑊𝑍! + 𝑈𝑋#)

Cell
States

Hidden
States

Recurrence has shifted to
the Cell State from the 

Hidden Statetanh

The Hidden State is Derived
from the Cell State

𝐶! = (𝑐!!, 𝑐!#, … , 𝑐!*)
Cell State is a Vector
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The Cell State is updated
Additively!

V

𝑍! = tanh(𝑉𝐶!)
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Cell State is a Vector

A single element of
the cell state vector



2. Decrement the Cell State
f2 = 1, i2 = 1
C2 = C2 - 1

𝐶# = 𝐹#⊛𝐶! + 𝐼#⊛ tanh(𝑊𝑍! + 𝑈𝑋#)

1. Increment the Cell 
State

f2 = 1, i2 = 1
c2 = c1 + 1

4. Hold the Cell State
f2 = 1, i2 = 0
c2 = c1

3. Reset the Cell State
f2 = 0, i2 = 1
c2 = +1 OR -1

Gates f=1, i=0 implements the Hold function
Gates f=0, i=1 implements the Reset function
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2. Decrement the Cell State
f2 = 1, i2 = 1
C2 = C2 - 1

𝐶# = 𝐹#⊛𝐶! + 𝐼#⊛ tanh(𝑊𝑍! + 𝑈𝑋#)

1. Increment the Cell 
State

f2 = 1, i2 = 1
c2 = c1 + 1

4. Hold the Cell State
f2 = 1, i2 = 0
c2 = c1

3. Reset the Cell State
f2 = 0, i2 = 1
c2 = +1 OR -1

Gates f=1, i=0 implements the Hold function
Gates f=0, i=1 implements the Reset function

Input Gate Forget Gate







𝐶! = (𝑐!!, 𝑐!#, … , 𝑐!*)
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A way in which Convolutional Networks can be 
used for processing sequences:
- Natural Language Processing
- Structured Data (CSV or Excel)

An Alternative to using RNNs/LSTMs
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Slice the First Column to create a 2D Tensor
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1D Convolution
With 2x1 Filter
With Depth 4



} 1-D Convolutions can be used to process 2D and 
1D input data. Alternative to using RNN/LSTMs
Examples:
◦ NLP
◦ Tabular Data

1D
Convolution
With D Filters

Filter 1

C= 1 # Input Activation Maps D=4 # Output Activation Maps

Input Activation
Map 1 Output Activation

Map 1
Map 2   3      4
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} RNNs
} LSTMs
} GRUs
} 1D ConvNets

} Transformers



} Das and Varma: Chapter RNNs,
Chapter ConvNets Part 1 for ID CNNs


